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Abstract

Ice clouds have an important role in climate. They are strong modulators of the out-
going longwave radiation and the incoming shortwave radiation and are an integral
part of the hydrological cycle. However, our knowledge about them is inadequate.
Climate models are far from consensus on the magnitude and spatial distribution of
several cloud parameters, including the column integrated cloud ice amount, called
Ice Water Path (IWP). The lack of adequate constraints from observations is a main
contributor to the non-consensus. Cloud ice retrievals from satellite measurements
are an important source of observations, since they are global and continuous. How-
ever, they carry large uncertainties since different sensors are sensitive to different
aspects of clouds, and because clouds are largely inhomogeneous with complicated
microphysical properties. Satellite observations are also notoriously difficult to use
for model evaluation, due to a mismatch on how cloud parameters are defined in the
models compared to what is actually observed. No satellite instrument can measure
information from the entire cloud column, as desired from the model point of view.

This thesis mainly concerns IWP, which is one of the key cloud parameters. By
measuring clouds using different techniques at different wavelengths, the IWP re-
trievals are sensitive to different parts of the ice particle size distribution, and differ-
ent depths in the cloud. A main aim of the PhD project is to assess the agreement
of datasets based on different techniques and how they may be complementary.

This investigation of IWP in observations and models starts by a comparison
study of monthly averaged IWP from a climate perspective. The study shows that
the differences in IWP within a group of models, and compared to observations are
up to an order of magnitude. This confirmed results from previous studies, but in
this study, large differences in the spatial distribution of IWP are also identified. The
spatial distributions of modelled IWP indicate that they are in disagreement on where
the Tropical convective regions are and how much IWP is found there in relation to
the global averaged IWP. However, the observational datasets also differ by up to an
order of magnitude and the uncertainties for the monthly averaged observations are
almost intangibly large.

This prompted a new study comparing strictly collocated observations to each
other. By doing so, large uncertainties caused by spatially and temporally averaging
data were removed. DARDAR, with IWP retrievals based on a combination of Radar
and Lidar measurements, is regarded as the best dataset of IWP, and was therefore
chosen as the reference dataset. This study determines that DARDAR has a relatively
low uncertainty of between 20% to 50%. The validity ranges of the other datasets,
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i.e., the IWP values where data are trustworthy, are determined by comparing to
DARDAR IWP. Once established for each dataset, the systematic and random errors
of each dataset are quantified. It is shown that retrievals based on solar reflectance
measurements are sensitive to the largest range of IWP values, from ∼ 30 gm−2 to
∼ 7000 gm−2, and have random uncertainties less than a factor of two throughout
most of this range. To analyse the uncertainties further, the collocated measure-
ments are assessed separately in different types of cloudy scenarios. It is shown that
large uncertainties are attributed to the assumed cloud phase and the choice of IWP
parameterisations.

Further in depth studies on models were carried out using the EC-Earth climate
model. A validation study of several upper tropospheric parameters showed that
the model captures most large-scale features but has problems with clouds. This led
to another study comparing the modelled evolution of several atmospheric variables
before and after deep convection events to that of observations. A follow-up study
analyses the impacts of clouds on Upper Tropospheric Humidity (UTH) retrievals
depending on if they are based on microwave or infrared measurements.

By these cross-dataset comparisons we are closer to understanding how to utilise
datasets that normally are not comparable due to their different sensitivities.
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Preface

This PhD thesis is an expanded version of the Licentiate thesis [Eliasson, 2011] by
the same title, that was defended in 2011 to achieve the Licentiate degree. The PhD
thesis is expanded in the sense that the research that took place after the Licentiate
defence has also been included. In Sweden, the Licentiate degree is an intermediate
degree on the path to achieve a PhD within the same field.

For completeness, instead of referencing to the descriptions and background sec-
tions presented in the Licentiate thesis, some background sections are retold in the
PhD thesis. The appended papers in the Licentiate thesis are also appended here.
This is because the PhD thesis covers all the research performed throughout the PhD
study (i.e., including that which was the foundation of the Licentiate thesis), without
forcing the reader to first read the Licentiate thesis.

This PhD thesis differs from the mentioned the Licentiate thesis. The background
sections about climate models Sect. 2.3, clouds Sect. 2.2, and retrieval physics Sect. 2.4
have largely the same in content as Licentiate thesis. These sections have been mostly
reformulated, but several paragraphs are the same, or nearly the same. Completely
new sections include the introduction (Chapt. 1), the IWP study using cloud types
in Chapt. 4.3, and the upper tropospheric humidity study in Chapt. 5.4. Paper III
and Paper IV are also new since the Licentiate thesis, and the datasets that appeared
first in the new papers are also described in Chapt. 3.
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Chapter 1

Introduction

Numerous publications show that the Earth is undergoing climate change (e.g.,
Intergovernmental Panel on Climate Change (IPCC) fourth assessment report sum-
mary for policy makers [Alley et al., 2007]). Although the climate has prehistorically
undergone significant changes, the global average temperature changed at a much
slower rate than the rate of temperature change we are experiencing in modern times.
Climate change has an impact on societies, vegetation and animal life, and the bet-
ter prepared societies can be for the future climate, the quicker and more effective
mitigation strategies can be put in place.

Climate models are invaluable tools for predicting changes of the climate. Unfor-
tunately, fully representing the natural processes that drive climate is very difficult
due to their complexity. The individual components in the climate system affect each
other, and there are numerous components and processes in the atmosphere, oceans,
cryosphere (ice), biosphere (vegetation), and lithosphere (the ground) that must be
accounted for.

Ice clouds, which are the main focus of this PhD study, are an integral part of the
climate system. However, currently our knowledge of ice clouds is insufficient. Ac-
cording to Alley et al. [2007], clouds in general remain one of the climate constituents
we know least about, and this is also reflected by the large inter-model differences in
terms of ice clouds in Paper I. This is a serious problem, since ice clouds are impor-
tant components of the hydrological cycle, as most rain is initiated by ice particles
from them [Rogers and Yau, 1976], and since they strongly influence the radiation
budget1, by reflecting incoming solar radiation, and by absorbing and re-emitting
outgoing terrestrial radiation at colder temperatures [Hartmann et al., 1992]. The
impact ice clouds have depends largely on their microphysical properties, such as
particle size, and their temperature, especially at the cloud top. Therefore, making
sure that the global distributions, amount, and microphysics of ice clouds are realistic
in climate models is paramount [Stephens et al., 1990, Baran, 2012].

1The budget of radiation fluxes from the Earth’s surface – through the atmosphere – and out to
space, and vice versa.
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2 Introduction

Water vapour in the upper troposphere is a quantity tightly linked to ice clouds
[Soden, 1998]. By itself, apart from regulating cloudiness, UTH (average relative hu-
midity between 500 hPa to 200 hPa) is one of the most important quantities governing
the Earth’s radiation budget [e.g., Soden and Bretherton, 1993]. Hence, correctly
characterising atmospheric quantities such as ice clouds and UTH is a good way to
help constrain climate models, and therefore is an important duty. For this reason,
the representation of UTH in a climate model was also compared to observations in
Paper II and Paper IV. Climate models and UTH are further explained in Sect. 2.3
and Chapt. 5 respectively.

Ice clouds cover about 50% of the Earth’s surface at any given time (see Chapt. 4),
and are very variable in their spatial distribution. Regionally, this number is around
30% at mid-latitudes and between about 60% to 80% in the Tropics [Guignard et al.,
2012]. Overall, clouds are globally estimated to have a net cooling effect on the Earth’s
climate [Hartmann and Doelling, 1991]. The climate effect of cloudiness depends to
a large extent on the altitude of the clouds. Overall, low- and middle-level clouds a
have cooling effect, while upper-level clouds (ice clouds) may have a warming effect
[Khvorostyanov and Sassen, 2002]. Ice clouds generally heat the upper atmosphere
(by absorption) and cool the surface (by reflecting away solar radiation before it
reaches the ground) at low latitudes and, inversely to an almost equal degree, cool
the upper atmosphere and warm the surface at high latitudes [Stephens, 2002]. Ice
clouds are particularly important since they can induce either a net radiative heating
or cooling, depending on their microphysical characteristics.

The transmission and absorption properties of ice clouds both have a net positive
contribution to the radiation budget. For instance, high clouds that are optically
thin, have the strongest warming effect. The reason for this is that such clouds
are transmissive to much of the incoming shortwave radiation, allowing the solar
radiation to heat the Earth’s surface, but they absorb much of the outgoing terrestrial
radiation. This is most pronounced at Tropical latitudes where the contrast between
cloud temperature and surface temperature is largest. Overall, high clouds in the
Tropics heat the atmosphere by more than 80Wm−2 [Stephens et al., 2002]. For high
clouds that are optically thick, the warming of the Earth system by absorption is
almost equally compensated by a cooling at the surface because a significant portion
of the incoming solar radiation is reflected back to space [DelGenio, 2002].

The clouds vertical distribution is also very important since they redistribute
radiation from the surface throughout the atmosphere [L’Ecuyer et al., 2008, Mace
and Benson, 2008] (see also Sect. 2.4.2). This redistribution is entirely concealed from
the view provided by Top of Atmosphere (TOA) fluxes alone [Stephens, 2002]. The
radiative forcing induced by clouds varies between cloud types based on their water
phase, altitude and microphysical properties. For instance, for radiative calculations,
it is sound to assume a spherical particle shape for liquid clouds. However, such an
assumption is hardly valid in general for ice clouds, as ice particles can take on many
geometric shapes, depending on the environment they were formed in [Heymsfield and
McFarquahar, 2002] (see also Sect. 2.2.4), and only the smallest ice particles can
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be regarded as spherical or quasi-spherical [Korolev and Isaac, 2003], and this has a
significant impact on their radiative and optical properties. Therefore assuming only
spherical ice particles, or any single shape for that matter, leads to large uncertainties
in ice cloud retrievals [e.g., Posselt et al., 2008].

One of the most important parameters used to describe ice clouds is the column
integrated ice water path (IWP) [gm−2] [Buehler et al., 2007a, 2012a, and references
therein]. IWP is proportional to (and can be derived from) the ice particle size and
optical depth (see Sect. 2.2.4), which are quantities that largely determine the net
radiative forcing of clouds [Zhang et al., 2010, and references therein]. Since IWP
pertains to the amount of ice in an atmospheric column, it is also an important
parameter for the hydrological cycle.

Ice clouds, characterised by IWP, are the focus of this PHD study since, although
it is already known that they are important, we still lack sufficient knowledge on
their structure and distribution. Liquid clouds also has have a strong impact on the
radiation budget because they strongly reflect incoming solar radiation, and thereby
cool the Earth system. Our knowledge about liquid clouds is, on the other hand,
better since they are more uniform, and more similar from cloud to cloud than ice
clouds are [Rogers and Yau, 1976], and hence “easier” to parameterise in models and
easier to measure.

Notably, progress has been made by in situ campaigns that have provided valu-
able information on ice clouds from aircraft-borne instruments [Heymsfield and Mc-
Farquhar, 1996, McFarquhar et al., 2007, Frey et al., 2011, Baran et al., 2010, and
others]. Thanks to these in situ campaigns, the knowledge on the particle size distri-
bution (PSD), particle number density (PND), and particle shapes in ice clouds has
improved. In situ campaigns are the only means of achieving detailed information on
ice crystals in their natural habitat. However, such campaigns are very localised and
few, and the measurements from the clouds sampled at the in situ campaigns may
not be comparable to clouds that are formed at other geographical regions or formed
by different mechanisms [e.g., Cooper and Garrett, 2010].

Global retrievals of ice clouds from passive infrared and visible satellite measure-
ments have been made since around 1980 [Rossow and Schiffer, 1999, Heidinger and
Pavolonis, 2009]. There are many remote sensing approaches, such as measuring
terrestrial radiation from passive sensors at microwave or infrared frequencies, or
measuring solar reflection at visible or near infrared frequencies. More recently ac-
tive instruments, such as cloud radar and lidar are measuring clouds from satellites.
Each satellite instrument uses a certain technique on a finite part of the radiative
spectrum. Having several retrieval datasets based on these different instruments is
an advantage, because they may be carefully combined to retrieve a more complete
cloud picture. Fig. 1.1 taken from Paper I illustrates the different sensitivities of the
satellite measurements approximately means that they are sensitive to different par-
tial cloud “columns”. According to Baran [2012], utilising space based measurements
across the electromagnetic spectrum, i.e., from several different instruments and tech-
niques, is the best way to help constrain ice cloud radiation feedback in the climate



4 Introduction

RADAR
Passive MW
IR+VIS
IR only
LIDAR

Figure 1.1: Schematic overview on what part of a cloud the main satellite techniques
are sensitive to. This is Fig. 1 from Paper I

models. The instrument techniques shown in the figure are described in Chapt. 3.

Measurements from in situ campaigns are too sparse for climate models, but also
satellite datasets are difficult to use to constrain ice clouds in the models because of
the differences between them, their relative lack of detail, and their, from a climate
perspective, short time span. Additionally, validating models against observations
has long been severely hampered by the treatment of clouds and precipitation in
the models. The models separate cloud ice particles into precipitating particles and
suspended particles. For most climate models, at each time step, precipitation sized
particles are removed instantly, either by sublimating them at lower model levels or by
making them reach the ground as precipitation. Only the “floating” ice particles that
remain form the clouds from which modelled IWP is derived [Waliser et al., 2009].
Since this separation in the models is artificial and such distinctions cannot be made
in observational datasets, modelled and observed IWP are not the same quantity.

In summary, one consequence of the above mentioned problems and uncertainties,
is a very large disagreement between climate models with regards to ice clouds. A
few studies [e.g., Waliser et al., 2009, Eliasson et al., 2011] showed that the climate
models used in the IPCC 4th Assessment Report (AR4) differed from each other by
an order of magnitude. More recently Jiang et al. [2012] and Li et al. [2012] showed
that the versions of the models to be included in the next IPCC report (AR5), have
not improved in terms of IWP. Satellite simulators that use the model output to
simulate satellite measurements, reduce the uncertainties in comparisons [Klein and
Jakob, 1999, Haynes et al., 2007], however, as long as precipitation-sized ice particles
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continue to be discarded from modelled clouds, model–to–observation comparisons
will remain ambiguous. Slingo and Slingo [1988] stated that one of the main reasons
climate models vary as much as they do in terms of global warming is because of
the spread in different ways to model the vertical structure of clouds. Therefore the
recent (2006) introduction of satellite-borne radar and lidar, which also measure the
vertical structure of clouds, has improved the situation.

The main target of this PhD study is to help reduce the large uncertainties related
to ice clouds using satellite measurements. The instruments measure at different
wavelengths, and therefore measure related, but different information on clouds (see
Fig. 1.1). Not only do the datasets differ due to being based on different types of
instruments, but the chosen cloud microphysical assumptions and parameterisations
made to create the dataset can also lead to large differences between datasets based on
the same remote sensing technique [Zhang et al., 2009]. Therefore, by understanding
how the different datasets of IWP relate to one another, we can gain insights that
may make it possible to combine the retrievals to a unified retrieval, which would be
the ideal for climate models. This is done in three steps in Paper I, Paper III, and
Sect. 4.3. Since, ultimately the improved ice cloud retrievals are to help constrain
climate models, the first step is to identify how the climate models do in terms of
IWP and report broadly where the problems lie.

The following chapters provide a background to most of the fundamental aspects
needed to understand the reasoning and results presented in the appended papers.
Additionally, Chapt. 4, and Chapt. 5 summarise the appended articles. Two addi-
tional studies are included in this thesis, one in Chapt. 4, about how different cloud
types impact IWP retrievals, and one in Chapt. 5 about how clouds impact UTH
retrievals.



6 Introduction



Chapter 2

Clouds, models, and Earth’s
radiation budget

2.1 Earth’s radiation budget

Without an atmosphere, the average surface temperature of the Earth, i.e., when the
energy coming in from the sun and the energy radiated back into space are equal,
would be around −18 ◦C. The main reason why the average surface temperature
nonetheless is a habitable 15 ◦C is the natural greenhouse effect that takes place in
the atmosphere [Boeker and van Grondelle, 1999]. Therefore, somewhat simplified,
one could say that it is the atmosphere that has an average temperature of −18 ◦C
instead.

The greenhouse effect is caused by so-called greenhouse gases which are molecular
species that absorb radiation emitted from the warmer surface (and elsewhere in the
atmosphere) and re-emit radiation at colder temperatures. This process, “traps” the
energy within the Earth system below the effective atmosphere. The most important
greenhouse gas is water vapour (H2O), followed by carbon dioxide (CO2), methane
(CH4), and ozone (O3) [Boeker and van Grondelle, 1999]. The radiation emitted up-
wards from the altitude where there are not enough absorbing greenhouse gases above
it to absorb the upwelling radiation, is lost to space. The reason this has a warming
effect on the Earth’s surface is because the atmospheric temperature decreases with
height (negative lapse rate) within the troposphere1, where nearly all the greenhouse
gases are found. The amount of energy from the aforementioned emission altitude
corresponds to its temperature (brightness temperature), which is less than the sur-
face (as long as the surface albedo2 is not too high), and therefore less energy is lost
to space, compared to if the surface radiation leaves the Earth system without being

1The troposphere reaches from the ground up to approximately 8 km and 16 km at the Poles and
Equator respectively

2also called reflection coefficient

7



8 Background

absorbed [Gettelman et al., 2000] (See Sect. 2.4 for further details on how tempera-
ture relates to energy). By the same mechanisms, other absorbers (emitters3) in the
atmosphere, such as clouds, also have a warming effect. However, as mentioned in the
introduction, the warming by clouds is compensated by reflection of solar radiation,
but to what extent the warning is compensated depends on how “thin” and what
phase the clouds are (see Sect. 3.2).

For the reasons mentioned above, water vapour and clouds that are high in the
troposphere have the strongest warming impact on the Earth’s surface, since they are
coldest there [Alley et al., 2007]. Worthy of mention, yet not covered in this study, are
the many other constituents of the Earth system that also play an important role on
the radiation budget. For instance, aerosols are believed to have a global average net
cooling effect on the atmosphere as most aerosols reflect the incoming solar radiation.
However, some aerosol species such as black carbon are strong absorbers and therefore
have a warming effect instead [Lohmann et al., 2010]. Aerosols also have important
indirect effects, for example, since there presence is needed to form clouds (see Sect.
2.2.3).

2.2 Ice clouds

As a majority of the results in this thesis are predominantly from tropical latitude
regions where low level ice clouds do not exist, the term “ice cloud” is synonym to high
clouds in this thesis. High ice clouds are commonly split up into several cirrus cloud
types. According to the cloud type definitions from International Satellite Cloud
Climatology Project (ISCCP), “high clouds” applies to all clouds that have a cloud
top pressure lower than 440 hPa.

2.2.1 Cloud classes

Clouds are commonly classified into classes according to World Meteorological Or-
ganisation (WMO) standards [Lynch, 2002]. These classes are purely based on the
morphology of clouds as seen during daytime from experienced weather observers.

High ice clouds are either of the type cirrus, cirrocumulus, cirrostratus, or sub-
visible. Cirrus can appear to have “tails” or be of a comma-like shape. This cloud
shape is formed when the ice particles grow large enough to have sizable fall speeds and
start falling out of the cloud. These “tails” of falling ice/precipitation may have their
path curved by any vertical wind shear they encounter as they fall, giving them their
telltale shape [Heymsfield and McFarquahar, 2002]. These clouds are still quite local
and do not have a large radiative impact. Cirrocumulus appear to have ripples, or be
made up of small balls. The form of these clouds is due to local convection within the
cloud. Cirrostratus is a layer of relatively homogeneous ice cloud. These often cover
large areas, thus having a sizable impact on the radiative and hydrological budgets.

3emisson = absoption (Kirchoff’s law; see Sect. 2.4)
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A halo can sometimes be seen around the sun, and this indicates a thin cirrostratus
cloud overhead. Frontal clouds in the mid-latitudes often contain thick cirrostratus
clouds. Sub-visible cirrus clouds are too thin to be seen from the ground by observers
or by passive sensors4, but can be detected by aircraft and lidar [Lynch and Sassen,
2002]. These also have an important impact on the radiation budget. In Sect. 4.3,
satellite retrievals are assessed for accuracy depending on the cloud class.

2.2.2 Cloud formation

When air ascends it cools adiabatically whilst retaining its specific humidity. As the
water vapour saturation pressure is a function of temperature, the relative humidity
will increase until saturation is reached in the ascending air. If aerosols that act as
condensation nuclei are available, droplets will start to form and a cloud is created.
As the air continues its ascent, it will cool further and the cloud droplets will start the
transition from liquid phase to ice phase, the altitude where this occurs is called the
freezing level. A cloud may be liquid, mixed or ice phase if its temperature is between
0 ◦C to ∼ −38 ◦C [Rogers and Yau, 1976]. While the atmosphere has an abundance
of aerosols that may act as liquid condensation nuclei, aerosols that are suitable as
ice nuclei are much rarer. This lack of ice nuclei is the main reason why liquid clouds
don’t immediately freeze to ice when they are colder than 0 ◦C (see Sect. 2.2.3
for ice particles formation)5. Ice clouds can also be formed without liquid droplets
by water vapour deposition onto an ice condensation nuclei, or by water vapour
condensing to droplets at temperatures lower than about −38 ◦C and then freezing
to ice homogeneously. This happens for instance behind the exhausts of aeroplanes,
since the exhaust contains both large amounts of water vapour and aerosols. These
clouds are know as condensation trails, and commonly called contrails.

When the Earth’s surface heats up due to incoming solar radiation, the atmo-
spheric layer closest to the ground will become buoyantly instable. The longer the
heating process continues, the deeper the layer of instability will get and the more
likely convection may be triggered. Most clouds generated by surface convection are
cumulus clouds with cloud tops lower than the freezing level. These clouds are blocked
from growing taller due to a stable atmospheric layer above them.

Sometimes, given sufficiently favourable conditions, convective clouds can grow
into thunderstorms which contain cloud water droplets below the freezing level and
ice particles above it. Thunderstorms generate ice clouds, called anvil clouds that can
be very widespread. A majority of ice clouds in the Tropics are thought to primarily
arise from these storms, and due to their high altitude and large vertical and horizon-
tal extent, they have a substantial impact on the radiation budget [Heymsfield and
McFarquahar, 2002]. Convective storms typically have a life time of about 30 min-
utes to more than one hour, whilst some thunderstorms may develop into mesoscale

4Passive limb sounders may detect sub-visible cirrus due to the viewing geometry, which leads to
increased path through the atmosphere

5cf. Larger bodies of water freeze easily since they also only require one ice nucleus to freeze
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convective systems that can last many hours, or even days (e.g., such as tropical
cyclones).

At mid-latitudes, cirrus is primarily generated by cyclones with frontal systems
and in the jet streams [DelGenio, 2002]. The geographical location and generation of
mid-latitude cyclones and jet streams are largely governed by Rossby waves [Holton,
2004]. Clouds are formed when warmer (i.e., less dense) air is forced upward by cooler
(i.e., more dense) air at fronts associated with these cyclones. These systems can be
vast in area extending over several hundreds of kilometres, thus altering the surface
and atmospheric radiation budget.

Clouds, including cirrus, can also be formed through orographic lifting. If air is
forced to ascend over topographical features such as mountain ranges because of the
prevailing winds, clouds will form where the air ascends and thereby cools enough so
that the relative humidity reaches saturation and particles will condensate. Although
such clouds appear quasi-stationary, the cloud particles are in fact moving with the
wind, often at high speeds. The cloud appears stationary since, as the saturated air
descends along the lee-side of a mountain, hence warms adiabatically, the downwind
cloud particles evaporate when the air they are travelling in reaches the point of
sub-saturation. However, on the windward-side new cloud particles are formed in the
ascending, hence adiabatically cooling air. As long as the prevailing winds continue
from more or less the same direction and the incoming air is sufficiently humid, clouds
will continue to form at the same place. Orographic lifting can also create lee waves
behind the mountain range if the atmosphere is stable. These so-called wave clouds
may then form in the ascending parts of the waves downstream from the mountains.
This effect can cause considerable cirrus amounts in mountainous regions such as the
Himalayans and the Rocky Mountains [Wylie, 2002].

2.2.3 Ice particle formation

Ice particles are formed in supersaturated environments either heterogeneously or ho-
mogeneously. Heterogeneous formation refers to ice particles formed by deposition
of water vapour onto a solid particles, such as aerosols or to freezing of supercooled
liquid droplets that contain ice nuclei. In sufficiently cold environments, liquid cloud
droplets nucleate homogeneously (i.e., without ice nuclei) forming ice particles. The
temperature where homogeneous freezing of ice particles takes place was shown by
Earle et al. [2010] to be mainly around −36 ◦C to −38 ◦C. The mechanism of ice
particle nucleation where the temperatures are colder than ∼ −38 ◦C is mostly ho-
mogeneous [Hallett et al., 2002]. Cloud particles colder than ∼ −38 ◦C are presumed
to be ice.

The presence of ice particles greatly depends on the presence of ice nuclei. Water
vapour may reach supersaturation levels (with respect to ice) in the absence of ice
nuclei. This can be the case in the upper troposphere, but not in the lower troposphere
where aerosols, hence ice nuclei, are abundant. Clouds with an ambient temperature
from 0 ◦C to ∼ −38 ◦C can be liquid or mixed phase [e.g., Eliasson et al., 2007].
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However, usually clouds colder than −15 ◦C mostly contain ice particles and the
process of completely converting the cloud to an ice cloud is fast at these temperatures.
The reason this conversion is quick mostly because ice particles deprive the liquid
water droplets of water vapour. The reason for this is that for the same absolute
humidity, the relative humidity with respect to ice is higher than the relative humidity
with respect to water. Ice particles can therefore continue grow in a supersaturated
environment (with respect to ice), whereas cloud droplets in the same environment
are not growing or are evaporating since the air is sub-saturated with respect to
water. This is known as the Bergeron-Findeisen process [Wallace and Hobbs, 1977].
Therefore, ice particles are always in a more favourable environment for growth as
the air is always supersaturated with respect to ice as long as it is saturated with
respect to liquid.

The continued growth of an ice particle depends on the amount of available water
vapour or liquid water nearby. Since latent heat is released in the particle formation
process due to the water phase conversion from water vapour to ice and/or from
liquid water to ice, its growth also depends on how efficiently heat can be removed
from its vicinity through the thermal conductivity of the environment [Hallett et al.,
2002]. The smallest ice particles, can be found at the top of ice clouds [e.g., Baran,
2012]. As the ice particles continue to grow their fall speed increases, allowing them to
escape their latently heated environment easier, further promoting growth. The lower,
warmer atmospheric layers (but still colder than 0 ◦C) also have more available water
vapour for continued growth. As long as the particles continue to be in saturated
and cold environments, they will continue to grow and their fall speed will continue
to increase, with an increasing likelihood of collisions with other ice particles. This
processes is called accretion, and this further increases the size of the particle.

This droplet growth scenario is highly simplified though, as each layered cloud
environment is more or less favourable for ice crystal growth and, in addition, different
shapes are favoured over others in different environments [Libbrecht, 2008]. If the
particle grows large enough to collide and join with other particles which are also a
product of their own history, the resulting shape will be more complex. Ice particles in
convective clouds may be very irregular, because they have been turbulently displaced
many times. Each new environment that the ice particles enter may have different
growth rates and favoured habits, plus, they may collide with other particles that
have been shaped by their own lifetime histories. If a liquid particle collides with
an ice particle, it may instantly freeze on the surface. This process is called riming.
Ice particles that have undergone many such collisions are called graupel and are
not crystalline in shape, but are rather fairly round. If many cloud droplets collide
with an ice particle, they may not freeze immediately and can build more compact
ice particles called hail. For significant hail production, the particles must be in an
environment with strong updraughts, such as found in thunderstorms.

There are some important differences between ice clouds associated with convec-
tion and with stratiform ice clouds like those associated with frontal clouds. Strat-
iform clouds have a more homogeneous horizontal structure in terms of size, shape
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Figure 2.1: Images depicting the ice particle shapes as a function of temperature
collected during the FIRE-II in situ campaign. Figure taken from http://www.ssec.

wisc.edu/~baum/Cirrus/MidlatitudeCirrus.html

and orientation of ice particles, because they are in an environment of more or less
gradual ascent. On the other hand, ice clouds associated with convection will have
a more diverse composition of ice particle shapes and sizes. Ice clouds in convection
may also contain some supercooled liquid cloud droplets, even at high altitudes, be-
cause they can be quickly transported in updraughts within the storm cloud. Ice in
convective storm clouds are mainly expelled from the convective core, therefore the
largest particles are found primarily close to the storm itself, and fall out as the ice
cloud propagates away from the storm centre.

2.2.4 Ice cloud microphysics

The large uncertainty in modelling ice clouds is mainly due to complexity of ice cloud
particle shapes and sizes [Heymsfield and Miloshevic, 2002] (see Fig. 2.1). Particle
shape and size is a complicated function of temperature, humidity, individual particle
history, and geographical region. The images in Fig. 2.1 stratiform mid-latitude cirrus
clouds taken on two separate days shows a particle size to cloud ambient temperature
relationship. Although particle size and shape is somewhat correlated with the ambi-
ent temperature of the cloud layer, the figure shows that individual clouds of the same
type have differing microphysical properties at the same temperature on two different
days [Heymsfield and Miloshevich, 1995]. However, as revealed by Heymsfield and
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Figure 2.2: Ice crystal microphysical properties (from left to right: size, extinction
coefficient, and number concentration) as a function of temperature from several in
situ campaigns. Images taken from Heymsfield and McFarquahar [2002, Fig. 4.6, 4.7,
and 4.8]

McFarquahar [2002], other important microphysical properties, such as the particle
number concentration and the particle extinction, seem uncorrelated with ambient
temperature and vary greatly from campaign to campaign (see Fig. 2.2).

Cloud fraction [%] is commonly reported by models and is measured from satel-
lites. It is simply the fraction of measurements that have a cloud signature compared
to the measurements deemed to be cloud free. Cloud fraction retrievals are highly
dependent on the instrument sensitivity to ice particle size and its horizontal resolu-
tion. Other key ice cloud microphysical quantities derived from satellite retrievals are
particle effective radius (re) [μm], visible cloud optical depth (τc) [dimensionless], Ice
Water Content (IWC) [gm−3], and Ice Water Path (IWP) [gm−2]. Their formal def-
initions depend on the number concentration, the size distribution (n(r)), and shape
of all particles. Since ice particles are highly irregular in shape, different descriptions
of particle size are used. The two common descriptions are maximum dimension and
mass equivalent spherical radius, r. The last mentioned form refers to the radius of a
spherical ice particle with the same mass as the non-spherical particle. The maximum
dimension of a non-spherical particle is by definition always larger than the equiva-
lent spherical radius [Jarret et al., 2007]. The formal definitions of the aforementioned
cloud microphysical properties are described below:

Effective radius (re) is used to describe the average cross-sectional size of par-
ticles in a cloud (or cloud layer). Formally, particle effective radius (re) is the area
weighted mean radius of a particle size distribution of ice particles that are assumed
to be spherical. It is defined as:
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re =

∫ ∞

0

r3n(r) dr∫ ∞

0

r2n(r) dr

[μm] (2.1)

where n(r) is the number of particles with a radius in the range r → r + dr per unit
volume [e.g., Austin and Stephens, 2001]. The r̄e for a cloud layer can be estimated
from satellite spectral radiance measurements (see Chapt. 3). The uncertainty in r̄e
retrievals is dominated by the uncertainty introduced by particle shape assumptions.
Importantly, even for particles with the same re, their radiative properties vary de-
pending on the shape of the ice crystals. For instance, Posselt et al. [2008] showed that
the retrieved r̄e can vary by a factor 2 depending on which particle shape is assumed.
Kristjánsson et al. [2000] showed that the use of more realistic ice crystal shapes,
compared to e.g., assuming them to be spherical, makes a difference of 10Wm−2 in
the shortwave radiation balance and a 25Wm−2 difference in the longwave radiation
balance in models.

Cloud visible optical depth (τc) is a unitless measure of how much solar radi-
ation is prevented from transmitting through the cloud. It is defined as:

τc =

∫ z2

z1

γ(z) dz [dimensionless] (2.2)

where z1 and z2 are the cloud base and top height respectively and σ(z) is the extinc-
tion coefficient for solar radiation as a function of height [e.g., Heymsfield et al., 2003].
τc and r̄e are crucial elements for accurately determining cloud radiative properties
[Cattani et al., 2007].

Ice Water Content (IWC) is the total mass of ice in a unit volume of cloud.
Formally for spherical ice crystals it is defined as:

IWC =

∫ ∞

0

n(r)m(r) dr [gm−3] (2.3)

where m(r) is the particle mass as a function of radius [e.g., Heymsfield et al., 2003].
Ice Water Content (IWC) can be retrieved using an ensemble of non-spherical particles
for a more realistic depiction of ice particles [Baran et al., 2010]. Retrievals of IWC
from passive nadir viewing instruments is not possible, instead IWP can be retrieved
[Stein et al., 2011].

Ice Water Path (IWP) is the column integrated IWC through the depth of the
atmosphere and therefore:

IWP =

∫ z2

z1

IWC(z) dz [gm−2] (2.4)

IWP can also be derived from τc and r̄e (see Sect. 3.2), from which cloud radia-
tive properties, such as albedo and total transmission, depend almost exclusively on
[Stephens, 1978, Nakajima and King, 1990]. Determining the net radiative effect
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of all cirrus clouds in models remains fraught with challenges as their microphysi-
cal properties and the processes governing their formation are not well understood
[Khvorostyanov and Sassen, 2002]. Stephens et al. [1990] described that depending
on the assumed particle size and shape, the net radiative impact may be positive or
negative. For instance, Choi and Ho [2006] found that for an optical depth less than
10 there is a net warming on the overall budget, and conversely for thicker clouds,
a net cooling. Regarding re, Stephens et al. [1990] found that the net radiative ef-
fect from clouds is negative, i.e., greenhouse cooling, if the assumed particle size re
< 24 μm and positive for larger particles. Since re varies from layer to layer, a cloud
can have both a warming and cooling effect depending on which layer is studied.

The orientation of ice particles also needs to be considered. Hallett et al. [2002]
explains that non spherical particles will have a preferred orientation depending on
the detail of their shape and particle density when their fall speed approaches terminal
velocity. The orientation of the particle affects its radiative properties, and this is
especially of importance for remote sensing using LIDAR and RADAR. Measuring
the orientation of ice particles from space is currently very difficult, but some satellite
retrievals have been made recently using Calipso lidar measurements [Okamoto et al.,
2010]. In summary, the above mentioned problems imply that general assumptions
on ice particle microphysics give rise to large uncertainties [e.g. Zhang et al., 2009].

2.3 Climate models

Climate models simulate natural processes, especially those that effect climate. Some
main components that climate models need to take into account are the influence from
the Sun, atmospheric dynamics, thermodynamics and radiative transfer. Modelling
the climate system is computationally very expensive, especially considering that
climate models are designed to predict the evolution of natural variables in long
time series. Therefore, in order to achieve results in reasonable time, climate models
must simplify the calculations and parameterise several processes. Therefore they
generally have coarser spatial and temporal resolutions, and rely on more rudimentary
representations of natural processes than other models, such as weather models or
cloud resolving models do [Peixoto and Oort, 1992, Ch. 17]. This study only concerns
global climate models, and they are assessed in Paper I, Paper II, and Paper IV.
Arguments made in this section and in the introduction may not apply to weather
models, which can assimilate real data during the model run, and may not apply to
high resolution cloud resolving models that can afford to be much more detailed than
climate models.

However, the latest generation of climate models are much improved compared
to their predecessors. This is partly due to an increased knowledge of Earth system
processes and their interactions (e.g., atmospheric and oceanic), but also due to expe-
rience gained from earlier models. Computing power has also increased dramatically,
allowing for more components to be considered, higher spatial and temporal resolu-
tions, and more realistic representations of climate driving process [Peixoto and Oort,
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1992, Ch. 17].

Studies have shown, that the models are in good agreement with each other and
observations in terms of net TOA radiative flux, a fundamental quantity from which
ultimately the equilibrium temperature of the Earth can be determined (see Sect. 2.1),
can be verified relatively easily with measurements [Smith et al., 1994]. However, if
the shortwave TOA flux and longwave TOA flux are investigated separately, the
models are shown to deviate largely from observations [Baran, 2012]. Inside the
atmosphere, the models are in fairly good agreement in terms of radiative parameters
that are fairly easy to measure, such as e.g., surface temperature, and that therefore
these parameters can be used to constrain the models. However, the models strongly
deviate from each other with regards to other parameters that we know less about,
but are also important components of the radiation budget, such as ice clouds (see
Paper I), aerosols, and UTH (see Paper II and Paper IV).

The agreement on the net TOA radiative flux between the models combined with
the disagreement, on e.g., clouds indicates that the models are adjusting parameters
that are poorly constrained in order to get the correct radiation flux at the TOA
[Stephens et al., 2002]. In other words, the models may be getting the right result
(TOA) for the wrong reasons (e.g., unrealistic cloud properties).

2.3.1 Ice clouds in climate models

Climate models are constantly increasing in complexity and improving parameteri-
sations where feasible, but there is still a trade-off between computational expense
and realistic representations of, e.g., clouds. Since the current knowledge on clouds
continues to be inadequate and the most important goal of a climate model is to
model the correct energy budget, this is often achieved at the expense of realism of
the modelled cloudiness.

Until substantial improvement of our understanding of the behaviour of clouds is
achieved, cloud ice will remain a dependent variable (prognostic variable) [Sundqvist,
2002]. Consequently, climate models traditionally do not directly connect their cloud
physics to radiative parameterisations, i.e., they use a different re for the radiation
scheme than the cloud physics scheme, which is physically inconsistent [Baran, 2012].

DelGenio [2002] summarises some of the major problems models face generating
cirrus clouds. In the models, the processes that generate ice clouds are poorly resolved.
Especially in the Tropics, synoptic scale cirrus and water vapour are mostly initially
generated from chaotic micro-scale processes at the boundary layer. Parameterising
such small scale processes lead to large uncertainties. The modelled transport of
water vapour from the lower layers to the upper troposphere is also problematic
to model, because the amount of water vapour at high altitudes is very small, and
the gradients are very large. If models have too few layers they will have problems
resolving such strong gradients of water vapour concentrations. Even small errors
in the modelled vertical transport of water vapour through its layers can induce
large errors in instantaneous UTH. As a result, global models often fluctuate between
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extremely dry or wet conditions at high altitudes. This effect produces bimodal
distributions of high level cloud cover with peaks near 0% and 100% [DelGenio,
2002].

As mentioned in Sect. 2.2.3, the formation of ice clouds depends on the availability
of ice nuclei. Therefore, incorrect assumptions on the aerosol content (those that are
suitable as ice nuclei) will cause the model to overestimate or underestimate cloudiness
[DelGenio, 2002]. As aerosols in the upper troposphere are also not well known, the
aerosol component introduces additional uncertainties for modelled clouds [Lohmann
et al., 2010].

Ice particle fall speed is difficult to parameterise. Firstly, many climate models
use one ice particle fall speed per grid box. These grids are often several hundred
kilometres across and hundreds of meters thick. This is quite unrealistic as in reality
the particles have many different sizes, hence fall speeds (v). Secondly, the distance
the particles fall in one time step (Δt) is typically much larger than the depth of the
model layers: vΔt >> Δz, which creates a numerical instability in the model [Jakob,
2002].

Overall, as described above, clouds are notoriously difficult to model realistically.
This owes to the fact that many processes that form, sustain, and dissipates clouds
are, apart from not being well known, on a much smaller scale than the modelled grid.
These difficulties should be taken into account when comparing real world retrievals
to models.

2.4 Radiation

Passive instruments measure radiation that is emitted from an independent source,
as opposed to active instruments, such as radar, which measure their own the back-
scattered radiation after interaction with a remote object (remote source or object
may refer to clouds, water vapour, Earth’s surface, the Sun etc.). This section gives
a brief overview of the theoretical background that satellite retrievals from passive
instruments are based on. Ultimately all passive remote sensing techniques measure
thermal radiation from some source, for example terrestrial or solar radiation. More
detailed information can be found the books like Rees [2001], Karlsson [1997] and
Wallace and Hobbs [2006].

Black bodies are ideal emitters and absorbers that emit and absorb all radiation
at all wavelengths, called radiance, which is all the radiation that is absorbed per
unit area [Wm−2] per a solid angle [sr]. The radiance of a black body depends
only on its temperature. The spectral radiance of a black body, i.e., the radiance
per wavelength and temperature, was calculated by Max Planck (1858-1947) using
quantum mechanics:

Lλ,p(T ) =
2hc2

λ5(e
hc

λkT − 1)

[
W

srm2 m

]
(2.5)
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where Lλ,p(T ) is the spectral radiance of a black body at temperature T , λ is the spec-
tral wavelength, h is Planck’s constant, c is the speed of light, and k is Boltzmann’s
constant. A useful approximation for the spectral radiance at long wavelengths, such
as in the MW region, can be made when the exponential, hc

λkT
, is very small. In this

case, using Taylor expansion, Equation 2.5 can be simplified to Lλ,p =
2ckT
λ4 and this

is called the Rayleigh–Jeans law. The total radiance of a black body at a certain
temperature is:

Lp(T ) =

∫ ∞

0

Lλ,p dλ

[
W

srm2

]
Ideal black bodies do not exist. Therefore, a term is needed to describe the

deviation from the black body assumption. This term is called emissivity, and is
directly related to absorption. Kirchoff’s law states, following the energy conservation
principle, that for an object at thermodynamic equilibrium, emissivity is equal to
absorption at all wavelengths:

ελ = αλ (2.6)

Therefore, for a black body, ελ = αλ = 1 and for all other objects in thermodynamic
equilibrium, 0 < ελ = αλ < 1, and in terms of radiation:

Lλ = ε(λ)Lλ,p (2.7)

It is common practice in the field of passive remote sensing to express thermal ra-
diation in terms of wavelength dependent brightness temperature (T λ

b ). For a certain
wavelength, T λ

b is the temperature a remotely sensed object would need to have in
order to emit the measured amount of spectral radiance if it was a black body. No
objects are “true” black bodies (i.e., T λ

b < T ), but at selected wavelengths they are
often very close, hence can be assumed as such at those wavelengths. For wavelengths
where the objects cannot be assumed to be black bodies, their emissivity also plays
a roll. From Equation 2.5 and Equation 2.7 we can see that at a given wavelength,
λ, and emissivity, ε(λ), T λ

b can be derived

ε(λ)
2hc2

λ5
(
e

hc
λkT − 1

) =
2hc2

λ5

(
e

hc

λkTλ
b − 1

) [
W

srm2 m

]
(2.8)

Solving the equation for T λ
b we get

T λ
b =

hc

λ k ln
(
1 + 1

ε(λ)
(ehc/λkT − 1)

) [K] (2.9)

If the Rayleigh–Jeans approximation can be made (see above), Equation 2.9 can
be simplified, using Taylor expansion, so that the brightness temperature is a linear
function of the emissivity and the actual temperature, Tb = εT . This is called the
Rayleigh-Jeans brightness temperature.
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The equations shown in this section are very important to remote sensing because
with them we can relate radiation measurements to the temperature of the object in
question [Karlsson, 1997].

2.4.1 Radiative transfer

The electromagnetic radiation that is detected by an instrument does not just depend
on the object that is being remotely sensed, but is also influenced by the medium in
which it travels. The signal received by an instrument is either used to assess the state
of the transversed medium, e.g., constituents, temperature, etc., and their properties,
or to directly assess the source of the radiation, e.g., surface temperature at infra-red
(IR) wavelengths. In both cases the measurement is perturbed by the medium, and
this perturbation can be used to retrieve information about the medium, e.g., cloud
properties, surface properties, etc, or be corrected for. Therefore, a brief overview of
radiative transfer, largely based on Rees [2001, Chap. 3.4] is given.

Radiative transfer describes the propagation of electromagnetic radiation through
some medium from the radiation sources to a sensor. The combined processes that
affect radiation are extinction processes and source processes, and they are frequency
dependent. Extinction (see Sect. 2.4.2) is described by a mass extinction coefficient
which depends on the number density of interacting particles in the medium and their
properties. The source components are the emissions of particles corresponding to
their temperature and scattered radiation into the line of sight.

According to Rees [2001, Chap. 3.4], the transfer of electromagnetic radiation
expressed by the spectral radiance, Lλ through a medium can be expressed as the
change dLλ over an infinitesimal distance ds in the direction of propagation

dLλ(ω, φ)

ds
= −γeLλ(ω, φ) + γsJλ + γaBλ

[
W

srm2 mm

]
(2.10)

where dLλ(ω, φ) describes the change in spectral radiance propagating in the direc-
tion (ω, φ). γsJλ is the amount of radiation scattered into this direction from other
directions (ω′, φ′). Jλ is defined

Jλ =
1

4π

∫
4π

Lλ(θ
′, φ′)p(cosω, φ, ω′, φ′)dΩ′

where Ω′ = sin θ′dθ′dφ′ is an infinitesimal solid angle, p(cosω, φ, ω′, φ′) is the scattering
phase function, that describes the direction the radiation is scattered. Equation 2.10
contains both sink and source terms. The first term is a sink that describes the amount
of radiation that is removed from the direction of propagation through extinction
(absorption and scattering). The second term is a source term describing the radiation
that is scattered from all directions into the line of propagation. The last term is also
a source term that describes the amount of radiation added by emission, depending
on the temperature of the medium (see Equation 2.5). Equation 2.10 is the basic
radiative transfer equation in its differential form.
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2.4.2 Scattering and absorption

The extinction efficiency is the sum of scattering efficiency and the absorption effi-
ciency. The scattering albedo describes how effectively a medium or particle scatters
incident radiation and is simply the ratio of the scattering efficiency to the total
extinction efficiency, and the deficit is absorbed. On a molecular level, there are
three mechanisms of absorption: by stimulating electronic, vibrational, and rotational
transition. Due to quantum mechanics, for molecules, absorption can only occur at
a discrete set of wavelengths, often referred to as absorption lines. However, these
lines are primarily broadened (resulting in a line width) by two processes6: Doppler
broadening, due to the velocities of the molecules, and pressure broadening, due to
molecular collisions perturbing their state. At high altitudes, where the pressure is
low, molecular collisions are infrequent, and the line width is completely dominated
by Doppler broadening. At low altitudes, the line width is completely dominated by
pressure broadening (for more details see Rees [2001, Chap. 3 & 4]).

As energy must be conserved, any radiation interacting with an object that is not
absorbed is scattered or transmitted. Scattering can be elastic (Raman scattering) or
inelastic. Raman scattering is not considered in the following description since it is
several orders of magnitudes smaller than inelastic scattering which is the conservative
process of radiation being redirected from its original direction of propagation. The
nature of scattering depends on the wavelength in question and the size of the object.
The scattered radiation leaving a medium back into to the same hemisphere as the
source is called reflection.

Extinction by spherical particles with a radius r can be analysed using two pa-
rameters, a dimensionless size parameter

x =
2πr

λ
(2.11)

and the particle refractive index

n = Re(n)− i ∗ Im(n)

The refractive index n is a complex number having a real ( Re) and an imaginary
( Im) part. Using x and n, the normalised extinction and scattering cross-section can
be calculated from Mie equations, where only the first few terms are shown here from
Rees [2001, Chap. 3]:

6There is also natural broadening that is much narrower than the two mentioned processes
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The normalised particle absorption efficiency, σa

πr2
(σa = σe−σs) is largely determined

by the imaginary part of the refractive index, n. It is clear from Equation 2.12 and
Equation 2.13 that for small x the absorption is proportional to x and scattering is
proportional to x4. Therefore the total extinction for sufficiently small x is dominated
by absorption processes (as long as Im(n) �= 0). To demonstrate these equations,
Fig. 2.3 shows the amount of normalised extinction cross-section by spherical ice
particles for radiation at 183.31GHz as a function of particle radius (r = xλ

2π
). As

predicted the scattering component of the total extinction rapidly increases as the ice
particle radius increases. At this frequency, extinction by ice particles smaller than
30 μm is completely dominated by absorption (albedo ≈ 0), and for ice particles larger
than 100 μm, the extinction is completely dominated by scattering (albedo ≈ 1). At
about 55 μm extinction by absorption and scattering are equally important.

The scattering regime that applies for certain sized particles interacting with a
certain wavelength can be approximated by the size parameter x. Mie-scattering oc-
curs when the wavelength and particle size are somewhat similar, i.e., x is “close”
to one, and the Mie equations should be used to describe the scattering. Rayleigh
scattering is an approximation to Mie scattering which is valid as long as the inter-
acting particles are much smaller than the wavelength of the radiation (i.e., x << 1).
By estimating the optical depth of the atmosphere due only to molecular Rayleigh
scattering, it is revealed that such scattering is significant7 for wavelengths less than
0.25 μm (ultra violet region), and noticeable in the visible region but negligible for
longer wavelengths [Rees, 2001] (see also Fig. 2.4). As this study concerns a wave-
length spectrum from visible (VIS) to microwave (MW) (about 0.4 μm to 10mm),
scattering by molecules is not discussed further.

The size parameter x is shown in relation to wavelength and particle radius in
Fig. 2.4 from Wallace and Hobbs [2006] to visualise which scattering regime applies
for certain combinations of wavelength (λ), particle radius (r) and size parameter (x).

Cloud particles, scatter in the Mie-regime at IR wavelengths between approxi-
mately 5 μm and 100 μm. In the Mie region, the main scattering process by the
cloud particles is diffraction which leads to more forward scattering [Karlsson, 1997].
At longer wavelengths, such as microwaves, the particles scatter according to the

7assuming τ > 1 means a significant contribution
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Figure 2.3: The extinction by ice particles (with a temperature of 240K) as a function
of ice particle radius if measuring at a frequency of 183.31GHz. The refractive index
of ice at this temperature and frequency is n = 1.777 + 0.003 i

Rayleigh regime (see Fig. 2.4). At wavelengths less than 1 μm and particles larger
than 10 μm, scattering can be approximated with geometric optics also called ray op-
tics, i.e., diffraction, internal particle reflections, external particle surface reflections
and refractions.

The total amount of radiation removed from the line of propagation by a volume
is the sum of the extinction contributions from all particles, N , therein. That is, for
a bulk volume with identical particles, the extinction coefficient, γe, is just:

γe = γa + γs = Nσa +Nσs

where γa is the bulk absorption coefficient of the volume, γs is its bulk scattering
coefficient, σa is the absorption efficiency of the particles, and σs is their scattering
efficiency [Chap. 3 in Rees, 2001]. If, more realistically, particles in the volume do
not have identical properties (as for real clouds), the total extinction is the integral
over all particle extinction contributions:

γe =

∫
σa(r)N(r) + σa(r)N(r) dr
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Chapter 3

Observational techniques and
datasets

This chapter provides an detailed overview of the different sensor types and tech-
niques used in the appended papers. The IWP datasets used in this study were based
on measurements made over a broad spectral range (VIS–MW). Therefore, in this
chapter some general physics and facts, a description of the datasets, and their re-
trieval uncertainties are given for four spectral regions MW, IR, near-infra-red (NIR),
and VIS. A section about active instruments is then presented followed by a summary
focusing on the expected differences between retrievals based on different instruments.

3.1 Microwave observations from passive instru-

ments

Clouds are basically invisible at microwave (MW) frequencies lower than 10GHz
(see Table 3.1 for conversion to wavelength). Therefore, such low frequencies are
commonly used for the remote sensing of vegetation and soil, without the nuisance
of cloud contamination. However, MW radiation’s sensitivity to clouds increases
substantially with frequency, so that, at suitable frequencies, passive MW sensors
can measure cloud signals through the entire depth of the cloud. At around 10GHz
there is a marginal influence from large precipitating particles. At higher frequencies
(yet lower than 60GHz), instruments begin to measure the absorption caused by
rain and cloud droplets, and the imaginary component to the refractive index, hence
absorption, of liquid water increases [Battaglia et al., 2006] (see Sect. 2.4.2).

Ice particle signatures can also be measured by MW passive radiometers. How-
ever, they are not detected in the low frequency MW region because the absorption is
negligible [Warren and Brandt, 2008]). Large ice particles are first detected when the
particle scattering becomes appreciable. This occurs at wavelengths (see Table 3.1)
that are similar to the diameter of the ice particles, i.e., so that the radiation is scat-

25
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tered in the Mie regime (see Fig. 2.4). This approximately corresponds to frequencies
larger than 60GHz [Battaglia et al., 2006].

For nadir viewing sensors, cloud ice optical depth can be directly related to the
magnitude of the signal depression due to scattering of background MW radiation
by ice particles (because absorption is negligible). The optical depth of an ice cloud
is approximately 150 times greater at 85GHz than at 18GHz, a consequence of the
sharp increase in scattering at higher frequencies [Vivekanandan et al., 1991].

ν [GHz] λ [mm]

10 29.98
18 16.66
60 5.00
89 3.37
94 3.19
183 1.64
700 0.43

Table 3.1: List of mentioned frequencies (ν) and their corresponding wavelengths (λ).

3.1.1 Retrievals from down looking instruments

It has been shown that IWP can be retrieved using the difference between MW
brightness temperatures at two frequencies [Vivekanandan et al., 1991, Zhao and
Weng, 2002]. Vivekanandan et al. [1991] used the MW brightness temperatures at
37GHz and 85GHz to detect precipitation sized particles. At these frequencies,
brightness temperature differences induced by liquid cloud layers are much smaller
than from cloud layers composed of ice particles. Therefore, an increase in the rain
rate (liquid amount) does not have a strong effect on the brightness temperature
difference [Vivekanandan et al., 1991], and the amount of ice, or IWP, is the main
cause for the brightness temperature difference from a cloud.

More recently Zhao and Weng [2002] used higher MW frequencies to show that
r̄e and IWP can be retrieved in parallel from the scattering effects of the 89GHz
and 150GHz brightness temperatures. One advantage of using higher frequencies
is that the sensitivity of brightness temperatures to IWP is nearly independent of
cloud temperature and the details of the underlying atmosphere because of the higher
scattering albedo [Zhao and Weng, 2002].

Zhao and Weng [2002] derived r̄e from the ratio R(r̄e) =
Ω89

Ω150
, between ice cloud

scattering parameters for the two frequencies. The scattering parameter Ωx
1 which

depends on the ice cloud optical thickness and the single-scattering albedo (refer to

1x indicates frequency
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Weng and Grody [2000] for more details) was shown to only depend on the upwelling
brightness temperatures from the bottom, Tb(zb), and top, Tb(zt), of the cloud,

Ωx =
Tb(zb)− Tb(zt)

Tb(zt)

where Tb(zt) is a direct measurement from satellites and Tb(zb) at the cloud base can be
determined to within ±4K with some a priori knowledge. An empirical relationship
between R and r̄e using simulated data from a radiative transfer model. IWP is then
determined from r̄e and the scattering parameters using empirical relationships (see
Zhao and Weng [2002] for details).

Compared to the Vivekanandan et al. [1991] retrieval, the retrieval by Zhao and
Weng [2002] is sensitive to smaller particles since it uses measurements at higher fre-
quencies. The Zhao and Weng [2002] retrieval has a particle size sensitivity range of
0.5 < re < 3.5mm. However, since particles as small as 0.1mm can be considered
precipitating sized particles [Rogers and Yau, 1976], the entire retrieved IWP is essen-
tially made up of precipitating ice. This is an important aspect to take into account
when comparing IWP from passive MW measurements to retrievals based on sensors
measuring at shorter wavelengths.

3.1.2 IWP datasets

Two passive MW datasets were used in this study. The Microwave Surface and
Precipitation Products System (MSPPS) IWP dataset [Ferraro et al., 2005], was
used in Paper I and Paper III and is derived according to the method by Zhao and
Weng [2002]. The microwave brightness temperatures used to derive IWP are from
the Advanced Microwave Sounding Unit (AMSU)-B or the recent equivalent, the
Microwave Humidity Sounder (MHS) instrument, on polar orbiting satellites.

The other dataset, called Microwave Integrated Retrieval System (MiRS) [Bouk-
abara et al., 2011], was used in Paper III. Like MSPPS, MiRS is based on MHS sensor
observations, but the MiRS retrievals are additionally constrained by measurements
from AMSU-A. In total 20 channels, all 15 channels from AMSU-A (from 23.8GHz
to 89.0GHz) and all five channels on MHS (from 89.0GHz to 190.311GHz) are used
for the retrievals. The retrieval approach by MiRS is to use a 1DVAR-based satellite
data retrieval system (see Boukabara et al. [2011] for details).

3.1.3 Uncertainties

The cloud ice retrievals using passive MW have considerable uncertainties. As passive
MW measurements rely on scattering effects, they are very sensitive to the assumed
particle size distribution and particle shapes, especially since PSD’s are primarily
derived for non-precipitating ice clouds, and these down looking microwave measure-
ments are only sensitive to ice precipitation. This is their main source of error. For
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the Zhao and Weng [2002] retrieval, also uncertainties in the cloud bottom tempera-
ture, instrument noise, ice particle bulk density, and the scattering coefficient all play
a roll in the final uncertainty.

3.2 IR/VIS observations from passive instruments

3.2.1 Visible spectrum (VIS)

The VIS spectral region (0.4 μm to 0.75 μm) is a large atmospheric window, i.e.,
a spectral region where radiation transversing the atmosphere is nearly completely
unaffected by absorption. Also, surface and atmospheric emissions are negligible
at these wavelengths, and therefore the source of the satellite detected radiation in
this spectrum range is entirely from reflected solar radiation, i.e., radiation that was
not absorbed by clouds or the surface. Therefore remote sensing of clouds and the
Earth’s surface is ideal in this spectral region. As previously mentioned in Sect.
2.4.2, some scattering occurs at shorter VIS wavelengths caused by air molecules.
For many surface types, the absorption varies considerably in the spectrum, making
it possible to associate an albedo spectral signature to a certain surface type. One
useful application of this is to monitor changes in surface conditions, e.g., melting
ice, the health of forests, or inversely, making it easier to distinguish clouds from the
surface, by knowledge of the surface albedo spectrum.

Cloud reflectivity depends on bulk scattering effects, cloud thickness, and the
cloud particle water phase. Scattering by cloud particles is in the geometric optics
regime (see Sect. 2.4.2), and therefore the extinction efficiency is a constant value
〈Qe〉 ≈ 2 (at λ = 0.66 μm) for all ice particle sizes. As the reflectivity increases
with increasing cloud thickness, the cloud optical thickness (τc) can be retrieved.
The reflectivity spectrum varies considerably between cloud types. For example thick
clouds strongly reflect (have a similar emissivity as snow) [Karlsson, 1997]. However,
one caveat with VIS-based retrievals is that they are naturally only possible during
daytime conditions.

3.2.2 Near Infrared Spectrum (NIR)

The NIR region (0.75 μm to 5 μm) is the transition region from VIS to IR. This
spectral range is dominated by absorption by the greenhouse gases CO2 and H2O, but
useful measurements can be made in three small atmospheric windows near 1.6 μm,
2.2 μm and 3.7 μm. Retrievals in this spectral range must deal with two very different
sources; reflected radiation from the sun and emitted radiation from the cloud and/or
Earth surface. This makes the retrieval more difficult, but methods exist to separate
the signals from the two sources, and retrievals in the NIR region can give invaluable
information on clouds [Karlsson, 1997].

Surface reflection decreases in this spectral region for increasing wavelengths, yet
all clouds continue to reflect, which leads to a greater contrast between clouds and the
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surface. The scattering characteristics also become more anisotropic, with stronger
forward scattering (see Sect. 2.4.2). At a fixed wavelength, the amount of forward
scattering varies with particle size, therefore the amount of scattering can be used to
determine the size of the particles. The reflectivity of liquid clouds is more pronounced
than for ice clouds, a useful relationship that can be used for cloud phase retrievals.

NIR data are also useful for detecting partial cloudiness. Karlsson [1997] describes
that the brightness temperature in a NIR channel (e.g., T 3.7

b at 3.7 μm) can be sub-
stantially warmer than the brightness temperature of a true IR channel (e.g T 12

b at
12 μm), both day and night, during partly cloudy conditions. During partly cloudy
conditions, the brightness temperature at 3.7 μm is higher than at 12 μm since if there
are both warm (e.g., surface) and cold (e.g., cloud) elements that contribute to the
single measurement, and the high temperature contributions have a stronger influ-
ence on the overall measurement at 3.7 μm than at 12 μm, because of the non-linearity
of the Planck function. This is in contrast to a very small difference in brightness
temperature during completely cloudy (thick clouds), or during cloud free conditions.
Indeed, by the same reasoning, this radiative phenomenon can be used to detect fires
from satellites [Lee and Tag, 1990] or to monitor cracks in Arctic ice sheets (leads).
For instance, Eliasson et al. [2007] developed a method to use the surface variation of
T 3.7
b caused by leads in Arctic cloud retrievals (over ice) to help differentiate between

clouds and leads.

3.2.3 Infrared (IR)

The IR region (5 μm to 100 μm) is very important because terrestrial radiation has
its maximum energy output in this spectral range. Greenhouse gases and clouds
absorb and emit radiation over large spectral intervals in this range, with water
vapour being the main absorber/emitter. The maximum of the Planck function for
terrestrial radiation is around 15 μm, i.e., a body with T ∼ 250K, which is in a
strongly absorbing peak of the CO2 spectrum (therefore, changes in CO2 are crucial
to an increased greenhouse effect). Some commonly exploited spectral regions are
the atmospheric window region between 10 μm and 13 μm and at a narrow spectral
region near 9 μm. An advantage of measuring in the IR spectral range is that the
emissivity of most surfaces and thick clouds is close to 1.0 [Jin and Liang, 2006],
which means that the brightness temperature is close to the real temperature of
the source. Hence, the cloud top altitude can be inferred from IR measurements
from thick clouds by comparing their brightness temperature (i.e., the cloud top
temperature) to independent temperature data of the atmospheric profile. However,
even in these atmospheric windows, absorption by mostly water vapour, needs to
be taken into account [Karlsson, 1997]. The absorption diminishes the measured
radiance value somewhat. However, in Arctic regions the opposite is commonly true,
i.e, that the atmosphere above the surface increases the measured spectral radiance.
This is because the surface is often colder than the overlying clouds, which makes
cloud retrievals in these regions particularly difficult. This problem was addressed,
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Figure 3.1: The refractive index of ice in the 8 μm to 13 μm region. This figure is
taken from Yang et al. [2001, Fig 2.]. Sect. 2.4.2 describes that the imaginary part
is of the refractive index is related to absorption and the real part is related to the
scattering.

and special cloud detection tests were developed to improve a publicly available cloud
product [Eliasson et al., 2007]).

For most of the IR spectral region, both absorption and scattering effects must
be taken into account when measuring ice clouds. Yang et al. [2001] showed that the
single scattering albedo of ice clouds decreases with increasing λ up to λ =10.8 μm,
and then increases for further increasing wavelengths. This is due to the minimum
in the real part of the refractive index of ice (see Fig. 3.1 right panel), and scattering
can therefore be neglected at λ =10.8 μm [Yang et al., 2001]. Absorption on the other
hand increases sharply here and must be considered (see Fig. 3.1 left panel).

3.2.4 Retrievals

As mentioned in Sect. 3.2.1, the reflected shortwave VIS radiation that reaches the
sensor is a function of cloud optical depth, τc. The scattering properties in VIS are
only very weakly influenced by ice particle size re. At NIR radiances, the ice particles
are not only reflective, but also moderately absorbing as a function of re.

Nakajima and King [1990] demonstrated that τc and r̄e (mean effective radius)
can be retrieved simultaneously from VIS and NIR reflectance measurement by com-
paring measured VIS (0.75 μm) and a NIR (2.16 μm) radiances to a look-up table,
which is based on the reflection functions of simulated VIS and NIR radiances (see
Fig. 3.2). This retrieval method is commonly known as the solar reflectance bi-spectral
(SRBS)-technique, and is adequate for determining r̄e and τc when r̄e > 6 μm and τc
> 4. Retrievals where τc < 4 or r̄e < 6 μm, are not possible using this technique
since, the results are ambiguous. As can be seen in Fig. 3.2, for clouds that have an
optical thickness τc > 16, r̄e and τc can be retrieved from VIS and NIR reflectances
independently. Between these bounds (4 < τc < 16) τc and r̄e are retrieved using
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Figure 3.2: Theoretical relationships between the reflection function at 0.75 and
2.16 μm for various values of τc and r̄e. Figure taken from Nakajima and King [1990,
Fig. 2].

both reflectance measurements.
IWP, which is the examined quantity in Paper I, Paper III, and Sect. 4.3, is often

calculated using a linear combination of r̄e and τc. For example IWP can be derived
IWP as:

IWP =
4τcreρice
3 〈Qe〉 [ gm−2] (3.1)

where ρice is the density of ice, and 〈Qe〉 ≈ 2 is the average extinction efficiency for ice
at 0.66 μm [e.g., Meyer et al., 2006]. Another commonly used relationship between τc
and IWP derived from in situ measurements is presented in Heymsfield et al. [2003],
and is defined as

IWP =
( τc
0.065

) 1
0.84

[ gm−2] (3.2)

Although none of the datasets in the appended papers are based on IR measure-
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Figure 3.3: Mean effective radius, r̄e [μm] as a function of Δε11−8 and ε11. This figure
was taken from Rädel et al. [2003, Fig. 1]

ments alone, several studies such as Guignard et al. [2012] have made valuable ice
cloud retrievals. Therefore this technique, based on IR measurements alone, is sum-
marised here. Compared to retrievals using VIS and NIR radiances, these have the
advantage that they are not dependent on solar radiation, hence consistent for both
daytime and nighttime conditions. The retrieval uses a bi-spectral technique called
IR-split window, that relates the emissivity at two IR channels (e.g., 8 μm and 11 μm)
to r̄e and τc [Rädel et al., 2003]. However, as for NIR channels (see Sect. 3.2.2),
the difference between two IR channels is negligible for thick clouds. Therefore, the
retrievals only work for clouds that are somewhat transmissive. Such ice clouds are
called semi-transparent cirrus. It was shown from simulations that the the emissivity
difference, Δε11−8, and the emissivity at the 11 μm channel, ε11 is a function of mean
effective radius, r̄e. The results are visualized in Fig. 3.3.

The simulated cloud emissivities used in Fig. 3.3 were from a Tropical atmo-
sphere, assuming the particles are shaped like planar polycrystals. The emissivity
ε was derived for both wavelengths taking into account the “measured” brightness
temperature, the cloud temperature, and the surface temperature.

As seen from Fig. 3.3, for any given ε11 the retrieved r̄e increases with a diminishing
difference, Δε11−8. However, outside the range 0.3 < ε11 < 0.85, the information
content (in the Δε11−8 range) is too small and therefore the retrieval is unreliable
in this range. This emission range is equivalent to a cloud visible optical depth of
approximately 0.7 < τc < 3.8 [Rädel et al., 2003]. Since this method is only applicable
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Figure 3.4: The absorption efficiency, Qabs, of ice particles at 11 μm wavelength as a
function of effective radius. Taken from Cooper and Garrett [2010, Fig. 1]

for semi-transparent cirrus, cloud microphysical properties such as r̄e and τc can only
be retrieved for about 40% of all cirrus clouds [Rädel et al., 2003].

Another type of IR-only retrieval was performed by Cooper and Garrett [2010],
Mitchell et al. [2009]. The retrieval is used to detect clouds that have an r̄e < 20 μm.
Clouds made up of particles smaller than r̄e < 20 μm will have high emissivity differ-
ences Δε in the 11 μm and 12 μm channels. This retrieval remains accurate regardless
of particle habit or size distribution. This range of particle sizes (5 < re <20 μm) is
of importance due to the absorptive properties of ice. As seen in Fig. 3.4, absorption
increases with increasing effective radius up to about 20 μm and then converges to a
value near 1.0 for radii greater than 20 μm (See Cooper and Garrett [2010] for details).

3.2.5 IWP datasets

Four datasets using instruments operating in the IR/VIS spectral range were included
in studies as part of the PhD project. Following is a short summary of the datasets.
Longer summaries are in the appended articles and the complete information on the
datasets can be attained from the referenced dataset descriptions.

ISCCP IWP is included in Paper I and Paper II and based on one VIS channel
(0.6 μm) and one IR channel (11 μm) from geostationary satellites [Rossow and Schif-
fer, 1991]. τc is derived using the VIS channel, and r̄e is set to a constant value, 30 μm.
The IR measurement is used to find the cloud top temperature, and the cloud phase
is determined solely from temperature data. This dataset is more simplified than its
predecessors, because it only uses one channel to derive the cloud mass (IWP = τc
×10.5). However, it is particularly attractive since the measurements are made from
geostationary satellites which measure the same location from the same angle every
30min, and since it provides the longest time series of measurements, starting in the
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early 1980’s.

MODerate resolution Imaging Spectroradiometer (MODIS) IWP is included in
Paper I, Paper III, and Sect. 4.3, and is based on six channels measuring in the VIS
and NIR spectral range from the MODIS instrument [King et al., 2003]. The retrieval
uses the SRBS-technique as described above, and the look-up table from which r̄e and
τc is calculated are based on the ice particle model described in Baum et al. [2005].
The monthly mean 1◦ × 1◦ gridded dataset is used in Paper I. The high resolution
Level 2 1 km× 1 km-footprint level product is used in Paper III and in Sect. 4.3.
MODIS IWP was derived using Equation 3.1 throughout the PhD study.

Pathfinder Atmospheres- Extended (PATMOS-x) IWP data included in the stud-
ies of Paper I and Paper III, are based on two channels from the AVHRR instrument
(one VIS, one NIR) [Walther and Heidinger, 2012]). The retrieval uses the SRBS tech-
nique and the look-up tables are based on the same microphysical model as MODIS
uses. In Paper I, the “equal area”- gridded (0.5◦ × 0.5◦ at the Equator) IWP product
is derived from τc only using Equation 3.2. In Paper III, where high resolution data
are used, the retrieved r̄e and τc were used to parameterise IWP according to Equa-
tion 3.1, to avoid the uncertainty introduced by having different parameterisations
for similar datasets. This uncertainty is assessed in Sect. 4.3.3.3.

The Advanced Very High Resolution Radiometer (AVHRR) Climate Monitoring
Satellite Applications Facility (CMSAF) IWP dataset [Roebeling et al., 2006] is in-
cluded in Paper III. This dataset uses the same measurement data as PATMOS-x from
AVHRR, the same retrieval technique (SRBS), and the IWP-parameterisation given
by Equation 3.1. The main difference between CMSAF IWP compared to MODIS
and PATMOS-x is that they use another microphysical model ([Hess et al., 1998]) to
create the look-up table.

3.2.6 Uncertainties

Cloud retrievals using IR/VIS, NIR/VIS, or IR-only measurements are subject to
fairly large uncertainties. The uncertainties associated with the SRBS-technique are
mostly from a few main factors. The clouds are assumed to be uniform, such that the
IWC and re are constant vertically and horizontally [Stein et al., 2011, and references
therein]. This is a simplified view that can lead to large uncertainties since “real”
clouds are quite inhomogeneous [Zhang et al., 2010]. Also, the uncertainty due to
cloud phase has a large impact on retrievals. If a cloud has more than one cloud
phase through the depth of the cloud column, it may be incorrectly classified leading
to large errors in the retrieval. This is discussed and investigated deeper in Sect. 4.3.
There are also sizable uncertainties attributed to which IWP parameterisation is
assumed (e.g., Equation 3.1 or Equation 3.2). The effect of choosing one or the other
parameterisation can lead to systematic differences, even if they are based on exactly
the same measurements. This is also shown and discussed in Sect. 4.3.

Importantly, r̄e retrievals using NIR radiances only apply to the top of clouds, since
only the first four or five optical depths contribute to its reflectance [McFarquhar and
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Heymsfield, 1998]. Since the smallest ice particles are close to the top of the clouds
(see Sect. 2.2.3), for the IWP parameterisations that use r̄e, this may cause the
IWP to be underestimated in optically thick clouds. Additionally, cloud retrievals
based on passive nadir-looking remote sensing systems are not capable of adequately
dealing with multi-layer clouds, which also leads to further substantial uncertainties.

Cooper et al. [2003, 2007] showed that r̄e retrievals using the SRBS technique are
subject to uncertainties on the order of 30% to 40% due to the necessary assumptions
on ice crystal shape, ice particle size distribution, cloud temperature, and surface
albedo. IR-only retrievals are faced with similar uncertainties. Sensitivity studies
in Rädel et al. [2003] reveal an uncertainty of at least 30% based on assumptions
necessary to complete the retrieval.

Overall, retrievals from the above techniques and wavelength spectrum suffer from
large uncertainties when clouds are optically thick, are partly mixed phased, made
up of multi layer clouds, or any combination of these factors [Waliser et al., 2009].

3.3 Observations from active instruments

The CloudSat and Calipso satellites, with an on board Cloud Profiling Radar (CPR)
and the Cloud-Aerosol Lidar with Orthogonal Polarisation (CALIOP), respectively,
were launched on the 28 th April 2006 and joined a suite of satellites flying in a
formation, called the Afternoon-train (A-train) [Stephens et al., 2002]. CloudSat and
Calipso are no more than 15 s apart and their data are therefore well collocated.

Since their inclusion, information on the vertical structure of clouds with high
horizontal resolution are now available to the science community. This enables eval-
uation of the cloud vertical distribution in climate models [e.g., Waliser et al., 2009,
Jiang et al., 2012, Li et al., 2012], and Paper II.

Ice cloud retrievals from CPR measurements form the reference dataset in Paper I
and are used in Papers II, III, and IV. An improved reference dataset, raDAR/liDAR
(DARDAR), based on both Radar and Lidar measurements is used in Paper III. In
the following sections CloudSat and DARDAR are described in more detail.

3.3.1 CloudSat

CloudSat’s CPR measures at 94GHz at a high vertical resolution of 250m, and a high
horizontal resolution of approximately 1.4 km× 3.5 km. The choice of radar frequency
at 94GHz is a trade off between the sensitivity to cloud particles (decreasing at lower
frequencies) and to measurement degradation by attenuation by the atmosphere (at
higher frequencies), caused mostly by water vapour and liquid precipitation [Stephens
et al., 2002]. These characteristics allow measurements to be made deep into clouds,
but means an insensitivity to small ice particles. CloudSat measurements penetrate
most clouds but suffers from attenuation in the presence of supercooled cloud droplets.
The attenuation by supercooled water is due to its larger refractive index compared to
that for ice [Sassen et al., 2007]. For instance, Protat et al. [2009] report that CloudSat
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profiles start to be affected by attenuation as high as 4 km above the melting layer in
deep convection (i.e., about 9 km).

All the appended papers use the official IWC product2 from the 2B CWC RO
CloudSat dataset. The retrieval is based on an optimal estimation approach to re-
trieve particle size distribution parameters, which are used to calculate IWC and
effective radius, re. The retrieval technique is briefly summarised here based on what
is described in detail in Austin et al. [2009].

By assuming that the ice particles are sufficiently small to be regarded as Rayleigh
scatterers, the radar reflectivity factor, ZRay, which is related to the measurements
can be determined by:

ZRay =

∫ ∞

0

N(D)D6 dD (3.3)

where N(D) is the particle size distribution and D is the diameter of an equivalent
mass ice sphere, assuming single scattering only. The particle size distribution for each
cloudy measurement in the vertical profile is assumed to have a log-normal shape that
can be described by three parameters, namely the ice particle number concentration,
NT , the geometric mean diameter, Dg, and the geometric standard deviation, ω:

N(D) =
NT√
2πωD

exp

[− ln2(D/Dg)

2ω2

]
(3.4)

Expressions for IWP and effective radius, re, are defined in terms of moments of the
size distribution from Equation 3.4:

IWC =

∫ ∞

0

ρ
π

6
N(D)D3 dD (3.5)

re =
1

2

∫ ∞

0

N(D)D3 dD∫ ∞

0

N(D)D2 dD

(3.6)

These equations are equivalent to Equation 2.3 and Equation 2.1 in Sect. 2.2.4.
A column of IWC and re values is retrieved by using Equations 3.3 through 3.6, along
a profile of a priori particle size distributions based on the temperature dependent a
priori parameters NTa, Dga, and ωa [Austin et al., 2009].

To generate the datasets in CloudSat’s 2B CWC RO product, the cloud column is
retrieved twice, once assuming the clouds are completely ice and once assuming they
are completely liquid. Using auxiliary vertical temperature data from the ECMWF3

model, all clouds colder than −20 ◦C are assumed to be ice clouds and all clouds
warmer than 0 ◦C are assumed to be liquid clouds. In the intermediate range (−20 ◦C
to 0 ◦C), a linear combination of the ice and liquid retrievals is used (cf. Sect. 2.2.3).

2RO ice water content
3European Centre for Medium-Range Weather Forecasts
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3.3.2 DARDAR

Calipso’s CALIOP measures at 532 nm and 1064 nm, therefore it is sensitive to small
ice particles, making it ideal for cloud top retrievals and detecting thin and sub-visible
cirrus, although the measurement is attenuated quickly [Winker et al., 2009]. It is
clear that the strengths of the CPR and CALIOP retrievals are quite complementary
and they can be combined since the measurements are closely collocated so that they,
together, achieve a (nearly) complete vertical profile of clouds. Also, their synergy,
where both instruments can measure, makes for better constrained PSD retrievals.

The DARDAR dataset that uses this combination of measurements, along with
radiances from MODIS, is an improved cloud retrieval [Delanoë and Hogan, 2010].
By combining these techniques using the variational method described in Delanoë
and Hogan [2010], DARDAR utilises the very different particle size sensitivities of
radar and lidar measurements. The retrieval is seamless and works as long as at
least one of CPR or CALIOP detects a cloud. If the cloud is detected by both
instruments the cloud properties are retrieved using both measurements. The cloud
phase is determined by finding areas of intense lidar backscatter by supercooled cloud
droplets.

Figure 3.5 shows how much of the total IWP column (on average) comes from
retrievals based on measurements solely from lidar or radar and how much from a
combination of both. It is clear from the figure that retrievals of thin clouds (low
IWP) rely heavily on lidar measurements and IWP retrievals of thick clouds are mostly
from radar measurements only. Therefore DARDAR is similar to the CloudSat IWP
dataset described in Sect. 3.3.1 for thick clouds.

Delanoë and Hogan [2010] showed that this combined retrieval approach is less
sensitive to changes to assumed microphysical properties than retrievals based on
CPR or CALIOP alone. The horizontal resolution of the DARDAR product is the
same as that of CloudSat CPR since the CALIOP measurements are higher resolution
and hence averaged horizontally in the CPR footprint. Further details on the retrieval
technique is given in Delanoë and Hogan [2008], and a comparison of several DARDAR
ice cloud retrieval algorithms was performed in Stein et al. [2011]. The specific product
used in this study is called DARDAR-cloud and is derived from CPR and CALIOP
only.

3.3.3 Uncertainties

Austin et al. [2009] report that CloudSat’s IWC retrievals, when applied to simulated
reflectivity measurements in Heymsfield et al. [2008], were mostly within ±25% of
the reference IWC. However, since the synthetic measurements sometimes differ by
around 40%, the overall uncertainty of the retrieval is reported as such. There are
further uncertainties though. An important uncertainty in the retrieval arises from
the lack of an independent way to determine the phase of the cloud in each bin.
Devasthale and Thomas [2012] found substantial differences in the IWP depending
on the assumption on how the cloud phase transitions from liquid to ice from the
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Figure 3.5: The average fraction of IWP retrieved using lidar only, radar only, or
using both instruments as a function of total IWP. Based on data the Jan-April 2007.

ground up.

The uncertainties in the a priori assumptions also propagate to the retrievals. The
a priori parameters are fitted to in situ measurements of non-convective clouds, so that
the uncertainty likely varies depending on the cloud type. Additionally, assuming the
a priori parameters to be only temperature dependent is an oversimplification, leading
to further uncertainties in the retrieval. Not accounting for multiple scattering is also
a source of uncertainty. Finally, another major source of uncertainty is related to
the Rayleigh assumption for Equation 3.3. Even a relatively small number of large
particles that violate the Rayleigh criterion may cause significant errors in the retrieval
[Austin et al., 2009]. A correction function to account for non-Rayleigh scattering
is used in the retrieval to mitigate this problem, however some uncertainties remain
since this non-Rayleigh correction requires assumptions on the ice particle properties,
which also introduces an uncertainty [Benedetti et al., 2003].

As mentioned, DARDAR, in contrast, does not depend on temperature depen-
dent cloud phase assumptions, which likely reduces the uncertainty of the retrievals.
Paper III determined, using the provided uncertainties in IWC, that the uncertainty
in DARDAR IWP retrievals is between 20% to 50%, with the lowest uncertainties
associated with the highest IWP values.

Despite the uncertainties associated with these datasets being quite substantial,
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they still provide the best estimate of IWP available to date.

3.4 Expected differences between retrievals

One of the strongest messages to be conveyed in this thesis is that direct comparison of
retrieved cloud properties between observational datasets based on different satellite
techniques must be done with care. Essentially, as mentioned in the introduction,
by basing cloud property retrievals on different measurement techniques, different
information about the cloud is retrieved. In particular, different parts (mainly vertical
extent) of the clouds are measured (see Fig. 1.1).

Lidar measurements from CALIOP are sensitive to the smallest particles but the
measurement is attenuated after τc = 3, meaning that they cannot provide information
from thicker clouds [e.g., Heymsfield et al., 2005]. Retrievals based on passive IR-
only emissivity measurements are only possible for semi-transparent cirrus clouds
( 0.7 < τc < 3.8) (see Sect. 3.2). With IR/VIS instruments optical depths up to
approximately τc = 60 can be measured, but the retrieved r̄e of the entire cloud is
biased towards small particles and towards the top of the cloud (see Sect. 3.2). Passive
MW ice particle retrievals are sensitive to large (precipitating sized) particles, and
therefore only retrieve the lower part of the thick clouds (see Sect. 3.1). CloudSat
provides the most comprehensive, single instrument, ice particle retrievals, since the
measurements can penetrate most clouds. However, it is not sensitive to thin cirrus
clouds and the radar measurement can also be attenuated by rainfall in intense clouds
(see Sect. 3.3). DARDAR, which is chosen as the reference dataset in the most recent
studies in the PhD thesis (Paper III and Sect. 4.3), since as it has the combined
strengths of CALIOP and CloudSat, it is the most comprehensive IWP dataset to
date.

Retrievals based on similar observation techniques may still differ considerably
from each other depending on the microphysical models, or parameterisations used.
This is further investigated in Sect. 4.3.3.3 looking at MODIS data using the IWP
parameterisations from Equation 3.2 and Equation 3.1. The differences caused by
assuming different ice particle models was investigated in Zhang et al. [2009]. They
found that τc retrievals from POLDER were considerably smaller, despite being based
on the same wavelengths. They found that the main reason for this is that POLDER
and MODIS describe ice particles using different microphysical models. Such differ-
ences are also seen in Paper III between PATMOS-x and CMSAF datasets, where
IWP retrieved using the same wavelengths are based on different microphysical mod-
els.

Another complicating factor that must be considered when comparing satellite
datasets, is the horizontal resolution of the underlying measurements. Figure 3.6
shows the footprint resolutions of the instruments used to make the datasets that
are included in this PhD study. It is clear from the figure that, on the ground,
the measurement resolutions are vividly different from each other. For instance,
correctly comparing CloudSat measurements collocated to passive MWmeasurements
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Illustration of sensor footprints over the Kiruna region
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Figure 3.6: Realistic example over the Kiruna region in Sweden, of footprint sizes and
sampling by a subset of instruments discussed in this work. The figure is a slightly
modified version of Fig. 1 in Paper III, courtesy of Gerrit Holl.

is difficult as the CloudSat footprint fills only 0.65% of the nadir MHS footprint [Holl
et al., 2010], and the 15 CloudSat measurements that can at best overlap the MHS
footprint cover only 9.75% of it. This can lead to large uncertainties depending on
the weather states, especially if the cloud cover is not homogeneous over the “scene”
[Holl et al., 2010].



Chapter 4

Multi-dataset comparisons of Ice
Water Path

In this chapter, first, comparisons of satellite retrieved observations of IWP are
made in two peer reviewed articles (Paper I and Paper III). Long time series of
monthly mean IWP are compared in Paper I, from a climatological perspective, and
are assessed for climate models and satellite observational datasets. Comparisons of
monthly mean values make the observations easier to compare to climate models,
but at the same time, information on shorter time scales that can be used to help
explain the differences between observations is lost through the averaging process.
Paper III focuses on differences between many of the satellite datasets by comparing
only measurements that are collocated in space and time. Through this comparison,
the systematic and random errors of datasets compared to DARDAR (the reference)
is investigated. As a first step, the IWP value ranges where it even makes sense to
make a comparison of IWP datasets based on different measurement techniques (see
Sect. 3.4) is determined. The following two sections summarise Paper I and Paper III.
Then, uncertainties due to the cloud scenario and IWP parameterisations are assessed
using collocated measurement and a cloud class dataset in Sect. 4.3

4.1 Paper I

Assessing observed and modelled spatial distributions of ice water path
using satellite data

The paper assesses the climate models that took part in the IPCC fourth as-
sessment report (AR4) and five satellite observational datasets, in terms of monthly
mean IWP. The paper builds on the foundation of Waliser et al. [2009], but pro-
vides a more comprehensive comparison between satellite datasets, and pays special
attention to the regional distribution and magnitude of IWP between the models
and the observations. CloudSat is chosen as the reference observation of IWP as it
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provided the best IWP measurements at the time of publication. As described pre-
viously and throughout this paper, the climate model representation of IWP do not
include precipitation sized ice particles. Such particle size distinctions are not made
in satellite retrievals of IWP, and hence all the ice from the atmospheric column is
included, even though the actual amount of retrieved IWP per dataset depends on
the sensitivity of the measurement to certain clouds particle sizes. As a consequence,
the climate models generally have much smaller IWP magnitudes. Therefore, to have
a dataset that has a definition of IWP that is closer to that of the climate models,
a precipitation-removed version of the CloudSat data (called CloudSat noPrecip) was
made as a second reference dataset. This dataset is created by removing all CloudSat
profiles that contain surface precipitation.

The paper clearly demonstrates large differences between the models themselves,
between models and observations, but also large differences between the observational
datasets themselves. These differences can be related to differences in the model and
dataset characteristics. It is also stressed that direct comparisons of this quantity are
dubious in all cases since model and observed IWP are not entirely the same quantity,
and also IWP is also defined differently from model to model. This is a large hurdle
in the aim of constraining ice clouds in climate models with observations.

4.2 Paper III

Systematic and random error between collocated satellite ice water path
observations

IWP from several satellite datasets are compared using collocated measurements
against a new reference dataset, DARDAR. As described in detail in Sect. 3.3.2,
DARDAR is an improved reference dataset compared to CPR, which was used in
Paper I, since it uses the combined information from CPR and CALIOPmeasurements
to retrieve IWP, and hence the retrievals are sensitive to a more complete ice particle
size spectrum. To minimise the random uncertainty due to how well two datasets
are collocated, only measurements that overlap each other on the ground (footprint
collocations) and are very close in time are considered collocated. The precise limits
between collocated datasets depend on the measurement resolution of the dataset,
and are described in detail in the paper. The close collocations emulate comparing
datasets for the same “cloud” or atmospheric scenario. Since the datasets are based on
different techniques they are sensitive to different parts of the IWP dynamic range.
Paper III provides a summary of the IWP value ranges where it makes sense to
compare DARDAR to each dataset, and discusses how the systematic and random
errors between DARDAR and the compared datasets vary across this “valid IWP
range”.

The paper shows that IWP retrieved using SRBS techniques are comparable to
DARDAR at a fairly large dynamic IWP range, and retrievals based on MW mea-
surements are well correlated with DARDAR for large IWP values. The uncertainty
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of the DARDAR IWP retrievals was found to depend on the amount of retrieved
IWP. For details refer to the paper.

4.3 IWP in different cloud scenarios

To assess differences between observed datasets, it was essential to reduce the un-
certainty introduced by comparing monthly mean IWP values (Paper I) by instead
making comparisons at footprint level (Paper III). However many uncertainties re-
main that depend on the characteristics of the clouds that are being observed and
the nature and limitations of the retrieval methods themselves. In this section the
collocated measurements of DARDAR and MODIS are sorted into cloud classes using
the freely available CloudSat cloud class dataset1 [Wang and Sassen, 2007]. The aim
of this study is to see if the datasets compare differently depending on which cloud
class they belong to.

As described in Sect. 2.2.2, clouds can contain regions of predominantly liquid,
ice, or a mixture of both types of particles. Clouds may have a vertical structure of
liquid or mixed-phase layers covered by cloud layers consisting only of ice particles.
Measurements from passive nadir viewing instruments can only be used to retrieve
integrated quantities, and in certain conditions this limitation can be a large source
of error. The retrieval algorithm must decide what the cloud phase is (i.e., ice, liquid,
or mixed), and retrieve the integrated water path based on that cloud phase. If the
cloudy measurement is deemed to come from an ice cloud, the retrieved quantity is
IWP, and applies to the entire cloud column [Wu et al., 2009, e.g.,]. Therefore, if there
is more than one cloud phase through the depth of the cloud, this inescapably leads
to erroneously high values of IWP being retrieved. DARDAR retrievals (from active
instruments) do not exhibit this particular problem (see Sect. 3.3.2). Therefore, by
assessing the IWP of MODIS vs. DARDAR, MODIS is expected to compare more
poorly for cloud classes where the IWP retrievals may be contaminated by liquid water
content in clouds mistakenly assumed to be completely consisting of ice particles.

As described in Sect. 3.2.4, another source of uncertainty that the datasets have
is related to how they derive IWP from the retrieved quantities r̄e and/or τc. Hence,
this section also assesses how IWP retrieved with either of the two IWP formulae
described in Sect. 3.2.4 (Equation 3.1 and Equation 3.2) compare depending on the
cloud scenario.

The following section introduces the cloud class dataset (Sect. 4.3.1). The de-
scription on how the MODIS and DARDAR datasets are collocated and how the
CloudSat cloud classes are used is in the methodology section (Sect. 4.3.2). Re-
sults and discussions around them are presented in Sect. 4.3.3. The conclusion and
outlook is given in Sect. 4.3.4.

12B-CLDCLASS
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4.3.1 CloudSat cloud classes

The following short description about the CloudSat cloud class dataset is summarised
entirely from Wang and Sassen [2007]. The cloud class retrieval categorises clouds
into one of eight cloud types: stratus (St), stratocumulus (Sc), cumulus (Cu), nimbo-
stratus (Ns), altocumulus (Ac), altostratus (As), deep convection (DC), high clouds
(Ci), or the cloud free (CF) class. Note that Ci includes all the cirrus cloud types
(cirrostratus, cirrocumulus, and cirrus) described in Sect. 2.2.1. The cloud class Cu
also includes more than one cloud type, cumulus and cumulus congestus. Cumulus
congestus clouds only differ from Ns by their smaller horizontal scale and presence of
convective cells. Additionally, St and Sc are poorly separated from each other, and
consequently the St cloud class has a very low frequency of occurrence. Wang and
Sassen [2007] write that this is regarded as an open issue for the algorithm developers.

The cloud classification algorithm first detects individual cloud clusters, which
are interconnected vertically and horizontally. Once detected, the clouds are cate-
gorised using numerous series of logical tests depending on temperature, reflectivity,
altitude, cloud dimensions, inhomogeneity, presence of precipitation, and latitude. A
condensed summary of these rules is given in Table 4.1.

Table 4.1: Summarised description of CloudSat cloud classes derived from a com-
pound set of rules and thresholds derived from the flow charts in Wang and Sassen
[2007]. Low (h <= 5 km), mid (5 < h <= 10 km), and high (h > 10 km) altitude
describe the vertical location of the clouds (base to top).

Class Name Precipitation Altitude Description

CF cloud free no - no clouds
St Stratus yes low Liquid, homogeneous
Sc Stratocumulus yes low Liquid, inhomogeneous
Cu Cumulus yes low–mid Liquid, inhomogeneous
Ac Altocumulus yes mid–high Liquid, inhomogeneous
Ns Nimbostratus moderate low–high Ice and liquid, homogeneous
DC Deep convection heavy low–high Ice and liquid, inhomogeneous
As Altostratus no mid–high Ice, homogeneous
Ci High clouds no high Ice, homogeneous

Although the cloud class names used in this dataset are familiar names to atmo-
spheric scientists, meteorologists, and enthusiasts, these are merely names describing
a set of rules. The cloud classes may have different properties than expected for
clouds with the same name from a surface observers point of view. Naturally, of
necessity, the parameters used to classify a cloud type from the surface are different
than those used from satellites measurements. Using visual cues an observer would
normally have little problem distinguishing, e.g., cumulus (fair weather liquid phase



4.3. IWP in different cloud scenarios 45

clouds) from cumulus congestus (towering cumulus clouds that may have ice content).
Classifying clouds using satellite measurements of radar reflectivities as the CloudSat
cloud class dataset does, is completely different.

4.3.2 Method

MODIS and DARDAR measurements were tightly collocated in the same manner as
described in Paper III, Sec. 3 therein. In short, using the collocation toolkit described
in Holl et al. [2010], MODIS and DARDAR are collocated to within 2min and 2 km
of each other. Often several MODIS measurements are within these bounds, but only
the geographically closest measurement pair is considered collocated.

Since MODIS only retrieves column integrated quantities, for a fair comparison,
only profiles that contain a single cloud class are used in this study. Vertical profiles
that contain more than one cloud class are re-categorised as mixed clouds (MIX).
Each collocated measurement of MODIS and DARDAR IWP is assigned one of the
aforementioned cloud classes (which may include cloud free (CF)). If the CloudSat
cloud class is CF and either DARDAR or MODIS reports IWP> 0, they are grouped
into a cloud class category called “not CF (nCF)”.

The relative frequency of each cloud class naturally depends on what geographical
regions are being assessed. Since the dataset comparison in Paper III was done in the
Tropics (±30 ◦ latitude) in 2007, the results presented here are also from the Tropics
for the same year.

4.3.3 Results and discussion

4.3.3.1 Frequencies of occurrence of CloudSat cloud classes

Figure 4.1 shows the frequency of individual cloud classes in the MODIS–DARDAR
dataset according to the CloudSat cloud class dataset.

For each collocated measurements to CloudSat cloud class match-up, logically
there are four cases: 1) both datasets have IWP> 0, 2) both datasets have IWP=0, 3)
DARDAR IWP > 0 but MODIS IWP =0, or 4) DARDAR IWP = 0 and MODIS IWP
> 0. Therefore each cloud class is subdivided to show case 1 (blue), case 2 (green),
case 3 (cyan), and case 4 (red) separately. Overall, judging from the frequency of
occurrence of the cloud classes in the Tropics, the most common cloud classes are Ci,
Sc, MIX, and DC. This distribution is largely supported by comparison to the cloud
type frequencies given in the online cloud atlas by Hahn and Warren [2007].

About 50% of the collocated measurements are cloud free, and the original CF
fraction from CloudSat is found by adding 50.6% and 16% (nCF) from the figure,
i.e., there are more clouds in the collocated measurements than in the CloudSat cloud
class dataset. The decreased number of cloud free cases for the MODIS–DARDAR
dataset is expected since, as described in Paper III and Sect. 3.3.2, DARDAR is
more sensitive to clouds. This is because DARDAR uses a combination of radar and
lidar measurements in their retrieval, whilst the CloudSat cloud class dataset uses
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Figure 4.1: The collocated dataset assigned to one of CloudSat’s cloud classes. Cloudy
measurements of DARDAR or MODIS are grouped into the “nCF” class if CloudSat
reports “cloud free”.

radar measurements alone to classify clouds. DARDAR is also more sensitive than
MODIS as can be seen by the majority of the nCF cloud class coming from DARDAR
alone.

Judging from Fig. 4.1, it is clear that a Sc cloud class is most often a liquid water
cloud. This can be understood by the very low fraction of Sc clouds with IWP> 0
compared to its original frequency of occurrence according to CloudSat’s cloud class
dataset, where ice and liquid clouds are not distinguished. Figure 4.1 shows that
MODIS misses a portion of the clouds classes as Ci or As, and this is likely due to it
being less sensitive to such clouds than DARDAR or CloudSat. For the clouds where
both DARDAR and MODIS report IWP=0 (Ac, Cu, and especially Sc), the clouds
that are “not detected” are likely liquid clouds.

Important to note is that the cloud class frequency of occurrence outside the
Tropics looks quite different (not shown). For instance, DC is much more rare and
Ns is much more common outside the Tropics, but Ci remains the most common
cloud class even outside the Tropics. Therefore, if the study was done outside the
Tropics the comparison would differ from the one presented here.
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4.3.3.2 Collocated measurements per cloud class

In order to assess the datasets per cloud class, the collocations are displayed in 2-
D histograms of MODIS vs. DARDAR. The histograms are devised in the same
manner as in Paper III, and the following description is from Sect. 4.2 therein (slightly
reformulated). MODIS–DARDAR is compared in log-space in the IWP range from
around 0.6 gm−2 to 16 000 gm−2 (10−0.2–104.2). The measurements are binned into
50× 50 equally spaced log10(IWP) bins. Two dashed lines highlight the median of
the IWP distribution of the “other” dataset as a function of “its” IWP (i.e., there
are median lines for both datasets).

The MODIS–DARDAR comparison depends strongly on what cloud classes the
collocated measurements belong to. Figure 4.2 shows the collocated datasets sep-
arated by cloud scenario. The problematic cloud classes are grouped together in
Fig. 4.2a, and the less problematic cloud classes are grouped together in Fig. 4.2b.
The number of collocations in the cloud classes that make up Fig. 4.2b is 10 times
higher than for the cloud classes in Fig. 4.2a. Therefore, for fairer comparison, the
number collocations in Fig. 4.2b are reduced by randomly selecting the same number
of collocations as in Fig. 4.2a.

It can be inferred from Fig. 4.2a, with cloud classes (Ac, St, Sc, and Cu) which
are supposed to contain liquid water path (see Table 4.1), that the MODIS IWP
retrievals tend to be much higher, and are poorly correlated (median lines are far
apart) with DARDAR for these cloud classes. This poor comparison is very likely a
consequence of these clouds containing substantial amounts of liquid water, despite
being classified as ice clouds according to the MODIS retrieval scheme. The MODIS
cloud phase retrieval is determined using the 8.5 μm and 11 μm channels [Menzel
et al., 2010], meaning that cloud phase is determined from the cloud properties at the
top of the cloud. Tellingly, both DARDAR and MODIS report at least some IWP for
these cloud classes, so it can be assumed that the top of these clouds contains ice.

MODIS regards the whole measurement as coming from an ice cloud. This in-
evitably leads to an overestimation of IWP from MODIS, since the radiative contri-
bution to the measurement from the liquid portion of the cloud will be erroneously re-
trieved as originating from ice water content. DARDAR, on the other hand, retrieves
the IWC at each level. The lidar measurement can distinguish at which altitude in
the vertical column the cloud changes phase from ice to liquid (from the top down)
and therefore only retrieves IWP (IWC) from the top, icy part of the cloud.

The MODIS–DARDAR comparison for clouds (As and Ci), that are supposed to
only contain ice particles (see Table 4.1), compare much better (Fig. 4.2b). For these
cloud classes, the cloud phase retrieval is more likely to be correct.

4.3.3.3 IWP parameterisations

Both parameterisations that are described in Sect. 3.2.4 (here called Meyer06 (Equa-
tion 3.1) and Heymsfield03 (Equation 3.2) are accepted and in use, by e.g., the
PATMOS-x dataset (Heymsfield03), and the MODIS dataset (Meyer06) (see Sect.
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(a) “Liquid” clouds (Ac, Sc, St, and Cu)

DARDAR

M
O

D
IS

100 101 102 103 104
100

101

102

103

104

DARDAR
MODIS

0

100

200

300

400

500

600

700

Collocations = 178040

(b) “Purely” ice clouds (As and Ci)

DARDAR

M
O

D
IS

100 101 102 103 104
100

101

102

103

104

DARDAR
MODIS

500

1000

1500

2000

2500

Collocations = 178040

Figure 4.2: Tropical IWP comparison 2007: Collocated measurements of MODIS–
DARDAR IWP. The colour scale shows the number of collocations per bin. The
dashed median lines are described in the text.
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3.2.5). It is of interest how large the differences are as a function of IWP if one or the
other parameterisations is chosen. Figure 4.3 shows MODIS IWP resulting from the
two parameterisations of IWP. To avoid the previously established uncertainties due
to the cloud phase, the parameterisations are compared on the non-problematic cloud
classes, Ci and As. As can be seen from the figure, above a lower limit of 60 gm−2

and 150 gm−2 for the Ci and As cloud classes respectively, the two parameterisations
are well correlated. Below this limit the two parameterisations appear to be less
correlated.

Above this limit, Heymsfield03 has systematically larger IWP values that steadily
increase as a with increasing IWP. For both Ci and As, Heymsfield03 is a factor 1.5
higher at 200 gm−2 and the factor offset increases to 2.1 by 2000 gm−2. The offset
also continues to increase at the same rate above these values, and decreases at the
same rate down to the aforementioned lower limit.

It is shown here that further uncertainties originate from the choice of IWP pa-
rameterisation itself. At least two conclusions can be drawn from the figure: 1) There
could be a factor 2 difference in the inferred IWP depending on which relationship
to r̄e and τc IWP is assumed to have. 2) Unless the IWP is less than somewhere
between 70 gm−2 and 150 gm−2, the inclusion of a variable effective radius in the
parameterisation has little impact on the IWP amount. This can be seen by the
stable systematic offset in log10(IWP), (i.e., a factor offset in absolute IWP), above
this value. Conversely, at IWP values less than this threshold, r̄e appears to impact
the IWP retrieval such that the two parameterisations are less correlated.

4.3.4 Conclusion

In this study the collocated measurements of MODIS–DARDAR from Paper III are
subdivided into cloud classes based on CloudSat’s cloud class dataset. Two main
findings are presented.

1) MODIS can greatly overestimate IWP in cloud scenarios where clouds may
have icy tops, yet consist largely of liquid droplets through the depth of the cloud.
Since many of these clouds belonging to the problematic cloud classes (Ac, St, Sc,
or Cu) have DARDAR IWP less than or around IWP = 100 gm−2, this may be the
main reason why MODIS has an overall overestimation of IWP for values less than
100 gm−2 in Paper III. This can potentially lead to large uncertainties when all cloudy
scenarios are combined (and maybe averaged in time). These errors are likely very
hard to quantify. Further, this problem could potentially lead to artificially higher
IWP averages in geographical regions where such clouds are common compared to
IWP averages from regions where these clouds are not as common.

2) Choosing one IWP parameterisation over another (e.g., Meyer06 (Equation 3.1)
or Heymsfield03 (Equation 3.2) ) may lead to an offset by a factor 2 higher or lower
IWP depending on the choice of parameterisation. This systematic offset was seen
in Paper I by PATMOS-x monthly average IWP being about a factor 2 higher than
MODIS. This difference can be attributed almost entirely to the choice of parameter-
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Figure 4.3: Comparison of the two IWP parameterisations on MODIS data (Equa-
tion 3.1 and Equation 3.2). IWP is shown in units of gm−2
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isations, since in Paper III where the same parameterisation is used for both MODIS
and PATMOS-x, the difference between the datasets was very small.

However, in this study, the differences between parameterisations are shown to be
only systematic for IWP above a certain threshold IWP value (70 gm−2 and 150 gm−2

for Ci, and As respectively). Therefore, differences may arise depending on when in
the dataset processing the conversion from r̄e and τc to IWP takes place, e.g., directly
on the retrieved quantities at a footprint level, after temporal averaging, or spatial
averaging, etc. This uncertainty plays a role in for PATMOS-x dataset in Paper III
since IWP is derived using r̄e and τc values on a 0.1◦ × 0.1◦ grid. The error is simply
unavoidable if the high resolution data is not available.

In this study it is shown that the quality of MODIS retrievals depend on the
cloud class. All the datasets assessed in Paper III are expected to have varying
performance against DARDAR as a function of cloud class. This could be verified
in a future study. A simpler method of classifying cloudy scenarios could be devised
and tested, since the CloudSat cloud classification algorithm is rather intricate, being
made up of numerous tests and thresholds. A simpler classification could be used to
provide limits that are easier to apply in order to better identify clouds that should
not be retrieved using the ice retrieval algorithms.
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Chapter 5

Upper Tropospheric Humidity

Upper Tropospheric Humidity (UTH) is an important variable that is tightly
linked to ice clouds, since low UTH inhibits cloud growth, and high UTH is required
for sustained cloudy conditions. For this reason, UTH is investigated as one of the
variables in Paper II, Paper IV, and in the follow-up study presented at the end of
this chapter. The Chapter is organised in four parts: Sect. 5.1 describes how UTH
is defined and retrieved, Sect. 5.2 summarises the content of Paper II, which assesses
the performance of a climate model compared to observations of this and other upper
tropospheric variables. Sect. 5.3 summarises Paper IV, which investigates how several
atmospheric variables, including UTH, vary before and after deep convection in a
climate model. A recurring question from both papers about how clouds differently
impact UTH retrievals from IR and MW measurements is answered in the follow-up
study (Sect. 5.4).

5.1 Background

UTH is a proxy for the relative humidity in the upper troposphere. From nadir
viewing satellite instruments, it is the weighted averaged relative humidity between
500 hPa and 200 hPa [e.g., Soden and Bretherton, 1993]. UTH, in this context, means
the relative humidity with respect to ice (i.e., not water). The reason why this is
important to note is because the saturation water vapour pressure (i.e., when the
relative humidity = 100%) is lower for ice than for liquid (see also Sect. 2.2.3).
Clouds in the altitude range of UTH consist mostly of ice, which justifies defining
UTH with respect to ice.

Water vapour is a strong absorber in the infrared region because of an intense
rotational band covering the 25 μm to 200 μm wavelength range and a strong vibra-
tional band centred at 6.7 μm [Gettelman et al., 2000]. At these absorption spectral
regions, water vapour is more important at high altitudes than at low altitudes to
the radiation budget, since the altitude of the maximum emission from water vapour
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occurs where the optical depth, integrated from the top of the atmosphere, is equal
to one. This altitude is in the upper troposphere [Wallace and Hobbs, 1977].

Water vapour enters the upper troposphere either by large scale ascent, deep
convection, or at mid latitudes via frontal systems. It is debatable which mechanisms
have the largest relative importance to the vertical transport of water vapour. For
instance, although geographical regions with the highest occurrence of clouds also
have the highest UTH, several studies indicate that UTH is not primarily added to
the upper atmosphere by convection. Although the diurnal cycle of UTH over land
and ocean is quite similar (maximum peak around midnight), the diurnal cycle of
convection is distinctly different over land (peaking late in the afternoon) compared
to ocean (early morning) [e.g., Soden, 2000]. Additionally, detrainment from clouds
is likely not a major source of UTH, since the column integrated amount of upper
tropospheric water vapour [gm−2] is an order of magnitude larger than the column
integrated ice water content [gm−2], i.e., IWP [John and Soden, 2006]. On the other
hand, clouds have been shown to at least slow the drying of the upper troposphere
by detrainment from ice clouds [Soden, 1998, Chung et al., 2004].

UTH can be retrieved globally from satellites. UTH retrievals from IR mea-
surements were made by Soden and Bretherton [1993] using the water vapour band
centred at 6.7 μm. UTH retrievals were also made by Buehler and John [2005] using
MW measurements centred at the (183.31± 0.01)GHz water vapour line. For both
IR and MW, the brightness temperatures are converted to the natural logarithm of
UTH using a linear regression:

ln (UTH ) = a+ b ∗ Tb (5.1)

The regression coefficients, a and b, are instrument and scan-angle dependent.
UTH retrievals are impacted by clouds, but more so for measurements from IR

than from MW retrievals [e.g., John et al., 2011]. Since clouds strongly absorb and re-
emit IR radiation (see Sect. 3.2.3), in cloudy conditions, the brightness temperature
at 6.7 μm originates only from the cloud top (acting as a blackbody), and from the
atmosphere above it. The measured brightness temperature is colder than it would
have been for an equally humid atmospheric column during clear sky conditions,
because the normal temperature contribution from warmer altitudes below the cloud
is “blocked”. Although MW measurements are insensitive to most clouds, very thick
clouds with sufficiently large ice particles cause scattering, and therefore extinction,
of the MW radiation. Therefore, as for IR measurements, the measured brightness
temperature is decreased for such clouds.

Recalling Equation 5.1, and since b is always negative, any depression in brightness
temperature due to clouds directly translates to an artificial increase in UTH [e.g.,
John et al., 2006]. Since brightness temperature measurements from these clouds are
no longer really measuring UTH, a cloud mask must be used to avoid retrieving what
looks like unrealistically high UTH values. However, one undesirable side effect of
disregarding cloud contaminated measurements is the inevitable introduction of a dry
bias in an averaged UTH dataset [Soden and Bretherton, 1993, John et al., 2011].
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This drawback is much worse for IR than for MW based retrievals, for the reasons
mentioned above.

An extensive study by John et al. [2011] assessed how much dry bias is introduced
by the IR cloud mask. They compared averages from a sampled MW UTH dataset
to averages of the unsampled original, i.e., using only MHS measurements. The
sampled dataset was created by first collocating MHS footprints (i.e., MW) with High-
resolution Infrared Radiation Sounder (HIRS) footprints (i.e., IR), and then removing
the MHS measurements where the HIRS measurements were cloud masked. In this
way they could assess the dry bias caused by only sampling cloud free regions. They
found that the cloud mask (from HIRS) caused an overall dry bias of 7% in the Tropics
and as much as 30% dry bias in regions that are dominated by convection compared
to the original MW derived UTH average. Although averaged UTH retrievals from
IR have a sizable dry bias due to clouds, their advantage is that there are very long
data records (more than 30 years). Also, IR sensors exist on geostationary satellites,
making it more straight forward to, for example, study the diurnal cycle of UTH,
since they consistently measure the same locations every half hour and at the same
angle. MW sensors on polar-orbiting satellites, such as for MHS, only measure the
same location twice per day per satellite, at approximately the same time every day
[e.g., Fig. 4 in John et al., 2012].

5.2 Paper II

The representation of tropical upper tropospheric water in EC Earth

This paper compares model data to observations, within the Tropics (±30 ◦ latitude).
Atmospheric parameters that have an impact on the top of the atmosphere radiation
budget are assessed. These include temperature, UTH, cloud fraction, and IWC. The
cloud impact in the climate model is assessed by comparing modelled and observed
outgoing longwave radiation.

The model used for the comparison is the general circulation model EC Earth and
the observations are provided from polar orbiting and geostationary satellites. The
paper documents a cold temperature bias, and a high UTH and cloud fraction bias at
200 hPa compared to observations. The vertical distribution of IWC differs drastically
between the model and observations. This is likely due to the parameterisation of
ice, and specifically particle fall speed, in modelled convective clouds. The EC Earth
model has its maximum IWC at altitudes below 500 hPa, although observations from
CloudSat suggest that the maximum IWC should be at higher altitudes, between
400 hPa and 300 hPa. My part in this paper was to provide data and expertise on
clouds.
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5.3 Draft Paper IV

Diagnosing the mean spatio-temporal impact of individual convective sys-
tems. Part I: Methodology

The evolution of several climate modelled upper tropospheric variables are anal-
ysed before and after deep convection. The method, largely based on Zelinka and
Hartmann [2009], entails averaging atmospheric variables according to their relative
distance (spatially and temporally) from the centre of deep convective events. The
maximum rain rate for deep convection forms the centre of origin from which the
relative distance and time is calculated (between ±21◦ and between ±48 h). The
geographical region chosen for this study is in the central Pacific, in order to only
sample conditions of convection generated over ocean.

This study is in two parts, this part refines on the method presented in the Zelinka
and Hartmann [2009] study and evaluates, using this approach the performance of
a climate model to see if the modelled variables respond to deep convection in the
same manner the observed atmospheric variables do. In general, the tested climate
model, EC Earth, captured the dynamic response to deep convection, but there were
also some significant deviations from observations, especially in OLR and albedo. My
part in this paper was to provide UTH data based on MW measurements and related
expertise. At the time of writing this paper is a draft that is near submission.

5.4 Cloud effect on UTH retrievals–a case study

In this section, IR and MW retrievals of UTH are assessed qualitatively in a case
study that illustrates the effect of clouds on these retrievals. In an earlier case study,
[John et al., 2006] made such a comparison, where they compared UTH retrievals from
HIRS (IR) and MHS (MW) to one another and put them in context by relating them
to rain rate measurements from the Tropical Rainfall Measuring Mission (TRMM)
sensor. They concluded that while HIRS UTH measurements are cloud masked for
most clouds, MHS UTH is only cloud masked for precipitating clouds. Here, in a
similar case study, a large area around Australia on February 2 2011 is selected,
because of the many different types of cloudy conditions, that are represented in the
“scene”. The aim of this case study is to further illustrate the cloud impact over a
larger range of cloudy scenarios than was done in [John et al., 2006].

5.4.1 Method

The reference “scene” in Fig. 5.1 is shown using an IR image taken from the Australian
bureau of meteorology home page1, based on measurements from Japanese geosta-
tionary satellites. Clouds are clearly seen in the figure as grey–white “blotches”, and
the colder the clouds are, the “whiter” they appear. The MW brightness temperature

1www.bom.gov.au/australia/satellite
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data is taken from the MHS instrument on board the NOAA-18 satellite. UTH is re-
trieved from the brightness temperature at channel 3 at (183.31± 0.01)GHz (T MW

b )
using the scan-angle dependent regression coefficients provided in Buehler and John
[2005]. The cloud mask used here was presented in Buehler et al. [2007b]. In short, all
measurements colder than a certain threshold, T MW

b < 240.1K at nadir and colder
for off nadir, are excluded. Additionally, a brightness temperature difference test,
T MW2
b − T MW

b > 0, is used where T MW2
b is from the (183.31± 0.05)GHz channel.

However, in this case study, the components of this two-part cloud mask were also
assessed separately. The assessment indicated that, for this study, a threshold test
based on T MW

b alone was sufficient to mask out all the unusable measurements, as
this test seems to always be the stricter of the two (not shown).

IR measurements from the HIRS instrument, also on board the NOAA-18 satellite
are also used in this study. UTH is retrieved from channel 12 at 6.5 μm (T IR

b ) using
linear regression coefficients. These coefficients were calculated by first simulating
UTH and T IR

b data from a profile dataset from Chevallier et al. [2006] using the
Atmospheric Radiative Transfer Simulator (ARTS) [Eriksson et al., 2011], and then
using Equation 5.1 to retrieve the regression coefficients. The cloud mask for IR
retrievals is simply a temperature threshold test, T IR

b − T surf
b < −25 K [Soden and

Bretherton, 1993], where T surf
b is the brightness temperature from channel 8, a surface

(window) channel centred at 11 μm.

5.4.2 UTH comparison and discussion

As seen from Fig. 5.1, there are some very cold clouds associated with the intense
convection, such as near Indonesia (top left) and associated with severe Tropical
cyclone Yasi, off the north east Australian coast (visible as bright white “blotches”).
There are also some clouds associated with less intense convection (e.g., over the
Australian mainland), and some frontal clouds in the Southern Ocean.

Figure 5.2 shows retrieved UTH of the same “scene” as in Fig. 5.1 from MW
(Fig. 5.2a) and IR (Fig. 5.2b) measurements. The most obvious difference between
the sensors is the considerably larger area that is cloud-masked in the IR retrievals
compared to the MW retrievals. This is entirely expected for the reasons described
in the previous sections. The “brightest”, i.e., coldest clouds are masked out in both
retrievals. These clouds are most likely all precipitating ice clouds, which, as described
by Buehler et al. [2007b], should trigger the MW cloud mask. The less bright clouds
are masked out in the IR UTH retrieval, but are clearly visible in the MW UTH
retrievals as areas of high UTH.

Another obvious feature is the higher measurement noise (which propagated into
the UTH retrieval) in Fig. 5.2b compared to Fig. 5.2a. This is an artifact of the
sparser measurement sampling by the HIRS sensor, where each footprint is further
apart, and slightly smaller than for the MHS sensor. This is illustrated by Holl et al.
[2010, Fig. 1].

More subtly, in the cloud free regions which can be seen in Fig. 5.1, the UTH
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Figure 5.1: An IR image centred on Australia. The figure is taken from public images
on www.bom.gov.au/australia/satellite at the time of the coastal crossing of
severe Tropical cyclone Yasi.

retrievals from IR measurements in Fig. 5.2b have higher UTH values than from MW
measurements in Fig. 5.2a. This can be explained by the IR and MW retrievals
being sensitive to slightly different altitudes. Kottayil et al. [2012] showed that for
the standard tropical atmosphere, the main contribution to T IR

b is from an altitude
approximately 2 km higher than for T MW

b . In Paper II, UTH observations from in-
struments that can measure the vertical profile of UTH and the modelled equivalent
from EC Earth, show that the average relative humidity increases by height, with
the lowest values at approximately 450 hPa and the maximum values near the top of
the troposphere (tropopause). Therefore, from Kottayil et al. [2012] and Paper II, it
appears that UTH retrievals from HIRS IR measurements may well be higher since
they are from more humid altitudes.

Somewhat surprisingly, the mean (± standard error) UTH from MW and IR is
(50.60± 0.08)% and (50.73± 0.20)% respectively, i.e., almost the same average for
both retrievals in this selected region and time. Therefore, at least in this “scene”,
the loss of high UTH values associated with clouds (that are not too thick) in the IR
retrievals is almost equally compensated by the generally higher UTH values in the
cloud free regions.
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Figure 5.2: UTH retrievals from MW data (5.2a) and from IR data (5.2b).
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5.4.3 Conclusion

In summarising this case study, there are two main observations. 1) That all clouds are
masked out in the IR retrievals, and therefore large areas of UTH are discarded, and
that MW retrievals do not suffer as much from cloudiness. This is already mentioned
a few times in Paper II, Paper IV, and described in many other studies. This case
study merely illustrates the large size of this difference (at least in terms of cloud-
masked area), and therefore emphasises the importance of bearing this difference in
mind when working with UTH datasets. 2) The average UTH from IR and MW
for the entire “scene” are almost the same. However, this is mostly a coincidence.
Naturally, if the cloudy regions are removed there will be a dry bias, and the more
that is removed the drier the bias [John et al., 2011]. That the average IR and
MW retrieved UTH are nonetheless the same in this case, just shows that these two
instruments are not measuring the same quantity (i.e., measuring UTH at different
altitudes).

Note that UTH retrievals from MW measurements may have erroneously elevated
UTH values in cloudy regions that are not masked out [Buehler et al., 2007b], since
large ice particles will artificially raise the UTH levels (see Sect. 5.1). These measure-
ments will not be filtered out unless the brightness temperature decreases enough to
be below the cloud mask threshold. In a future study, one could assess the effects
of clouds on MW retrievals by, for instance comparing simulated brightness temper-
atures from cloud free and cloudy atmospheric profiles from the DARDAR dataset
(see previous sections).



Chapter 6

Summary and conclusions

This PhD thesis consists of two published articles (Paper I and Paper II), one
accepted article (Paper III) and one article draft (Paper IV), and two additional
studies included as part of the “kappa” (Sect. 4.3 and Sect. 5.4).

In Paper I, the climatological distribution of ice clouds is assessed. Monthly aver-
ages from a subset of the climate models that took part in the IPCC Fourth assessment
report were inter-compared and compared to satellite observations. Apart from find-
ing differences between the climate models as large as an order of magnitude in terms
of IWP, confirming results from Waliser et al. [2009] and John and Soden [2006], large
differences were also found in the spatial distribution of IWP. Judging by their IWP
distributions, the models particularly disagree on the location of the Tropical con-
vective regions and the magnitude of IWP that can be found there in relation to the
global average. The climate models were also found to differ substantially compared
to observations, both in terms of spatial distribution and magnitude of IWP. The
observational datasets, based on different instruments and retrieval techniques, were
shown to be in good agreement in their spatial distribution, but also differed from
each other by up to an order of magnitude in the amount of IWP. The reason for this
is that the different instruments are differently sensitive to particle size distribution.
However, there are also large uncertainties related to comparing monthly averaged
data.

In Paper III, the systematic and random uncertainties between the satellite obser-
vations are assessed in greater detail. To remove some of the uncertainties compared
to Paper I, only strictly collocated data were compared to each other, and the same
IWP parameterisations were applied to similar datasets. A new dataset called DAR-
DAR that combines measurements based on lidar from CALIOP and radar from
CPR was chosen as the reference dataset since it provides the best estimate of IWP
to date. In the paper, the uncertainty in DARDAR IWP retrievals is estimated to
be between 20% to 50%, with the largest errors associated with the smallest IWP
values. In order to make fair comparisons between datasets with very different sen-
sitivities, an IWP “valid range” where the data are deemed trustworthy, i.e. at least
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somewhat correlated with DARDAR, is defined for each dataset. The datasets based
on retrievals from solar reflectances were sensitive to the largest range of IWP values,
from ∼ 30 gm−2 to ∼ 7000 gm−2. For the microwave based datasets this range starts
at approximately 700 gm−2. The systematic uncertainties increased with increasing
log(IWP), for all datasets compared to DARDAR. For most of the assessed datasets,
the random uncertainty in log(IWP) remained almost the same throughout the “valid
range”, starting from less than a factor 2 for MODIS.

In Sect. 4.3, the uncertainties were dissected further by sub-dividing collocated
MODIS–DARDAR measurements into cloud classes, which are derived from Cloud-
Sat data. It is shown that MODIS greatly overestimates IWP when measuring cloud
classes that presumably contain liquid water content underlying icy cloud tops. The
reason for this is that the cloud phase is determined by the properties of the cloud
top, and the entire cloud column is assumed to be of that cloud phase. Different pa-
rameterisations of IWP relationships to τc and r̄e were also tested. Using only MODIS
data in cloud classes that likely consist of only ice particles, the parameterisation used
by e.g., PATMOS-x and Paper II (Equation 3.2) was found to be systematically a
factor 2 higher than the one used by, e.g., MODIS and Paper III (Equation 3.1), but
the offset between the parameterisations is only systematic when the IWP is above
∼ 70 gm−2. This offset appears to be the reason why, in Paper I, PATMOS-x has
about a factor 2 higher IWP than MODIS.

In Paper II, the performance of a climate model called EC Earth is assessed in
terms of several upper tropospheric variables which are related to ice clouds, including
UTH (which is also a singled out quantity in this PhD study). EC Earth was found
to have a cold temperature bias, with the effects of overestimating cloudiness (cloud
fraction) and UTH at 200 hPa. The model was found to deviate strongly from obser-
vations in the vertical distributions of clouds, having its maximum IWC at around
500 hPa, although observations from CloudSat rather indicate that the maximum
IWC is around 350 hPa. Overall, the model is shown to underestimate the outgoing
longwave radiation (OLR) by 9Wm−2, but regionally the model deviates, from the
observations by as much as ±20Wm−2.

In Paper IV, the performance of EC Earth is again tested for its realism in upper
tropospheric variables. The paper focuses on deep convection and how upper tro-
pospheric variables, on average, evolve over time and distance before and after deep
convective events. In general, the dynamic response of most variables to deep con-
vection is fairly well represented, but there are also some significant deviations from
observations, especially in OLR and albedo. The observed UTH from microwave mea-
surements was preferred over UTH from IR measurements (used in Paper II) because
of the large impact of clouds on IR based retrievals. Although biased high, the model
representation of the evolution of UTH is in fairly good agreement with observations.

In Sect. 5.4, the impact that clouds have on UTH from IR and microwave retrievals
is assessed using a case study of a large region with many clouds. It is illustrated that
much larger areas need to be masked out when retrieving UTH from IR measure-
ments, which inadvertently leads to a significant dry bias. This study also confirmed
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that UTH retrievals from HIRS IR are not entirely comparable to MHS microwave
retrievals. The retrieved UTH from HIRS is higher in clear sky conditions than from
MHS, since HIRS is sensitive to altitudes approximately 2 km higher than MHS.

The comparison studies presented in this PhD project, bring us closer to under-
standing what to take into account when combining datasets, each with their inherent
strengths and weaknesses. Overall, apart from further illuminating the problems that
climate models have with ice clouds and UTH, it can be inferred that a synergistic
approach is needed to continue to improve ice cloud observations.
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Abstract. The climate models used in the IPCC AR4 show
large differences in monthly mean ice water path (IWP). The
most valuable source of information that can be used to po-
tentially constrain the models is global satellite data. The
satellite datasets also have large differences. The retrieved
IWP depends on the technique used, as retrievals based on
different techniques are sensitive to different parts of the
cloud column. Building on the foundation of Waliser et al.
(2009), this article provides a more comprehensive compar-
ison between satellite datasets. IWP data from the Cloud-
Sat cloud profiling radar provide the most advanced dataset
on clouds. For all its unmistakable value, CloudSat data are
too short and too sparse to assess climatic distributions of
IWP, hence the need to also use longer datasets. We eval-
uate satellite datasets from CloudSat, PATMOS-x, ISCCP,
MODIS and MSPPS in terms of monthly mean IWP, in order
to determine the differences and relate them to the sensitivity
of the instrument used in the retrievals. This information is
also used to evaluate the climate models, to the extent that is
possible.
ISCCP and MSPPS were shown to have comparatively

low IWP values. ISCCP shows particularly low values in
the tropics, while MSPPS has particularly low values out-
side the tropics. MODIS and PATMOS-x were in closest
agreement with CloudSat in terms of magnitude and spa-
tial distribution, with MODIS being the better of the two.
Additionally PATMOS-x and ISCCP, which have a temporal
range long enough to capture the inter-annual variability of
IWP, are used in conjunction with CloudSat IWP (after re-
moving profiles that contain precipitation) to assess the IWP

Correspondence to: S. Eliasson
(s.eliasson@ltu.se)

variability and mean of the climate models. In general there
are large discrepancies between the individual climate mod-
els, and all of the models show problems in reproducing the
observed spatial distribution of cloud-ice. Comparisons con-
sistently showed that ECHAM-5 is probably the GCM from
IPCC AR4 closest to satellite observations.

1 Introduction

Ice clouds are an important part of Earth’s climate system.
Knowledge of the distribution and properties of ice clouds
is central to understanding the atmospheric water budget, as
their distribution strongly affects precipitation and the wa-
ter cycle. Ice clouds also have a strong effect on the radi-
ation budget of the atmosphere. They cool the atmosphere
by reflecting incoming solar radiation, but also heat the at-
mosphere by absorbing and re-emitting outgoing terrestrial
radiation. The magnitude of both processes, hence the net
radiative impact of ice clouds, depends on macro-physical
properties such as cloud top temperature, and vertical and
horizontal extent, and on micro-physical properties such as
ice crystal shape, cloud optical thickness and effective ra-
dius (Ramanathan et al., 1989). One important ice cloud
quantity is the vertical column integral of the cloud Ice Wa-
ter Content (IWC), which includes all types of ice particles.
This quantity is called Ice Water Path (IWP) and commonly
has the units g/m2. There are large differences in IWP be-
tween climate models (e.g., Waliser et al., 2009; John and
Soden, 2006). Waliser et al. (2009) highlighted that there is
a lack of adequate cloud property measurements with which
to constrain the models. The differing model assumptions
made about ice particle size, mass, and cross-sectional area
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also contribute to the large biases in the models, because the
assumptions directly effect particle fall velocities (Heyms-
field and Iaquinta, 2000). Although global and continuous
datasets of satellite retrieved cloud properties are now avail-
able, their use to validate climate models is fraught with
difficulties. This is largely due to the definition of IWP it-
self. Models make a clear distinction between precipitating
ice particles and suspended cloud ice particles, whereas re-
trieved IWP constitutes a mixture of both. Satellite derived
IWPs, are defined in the same manner for all datasets, but are
largely different from each other. This must be taken into ac-
count when comparing observational datasets to each other
and to models, as done in this article.
In a qualitative IWP comparison study, Waliser et al.

(2009) illustrated a large level of disagreement between the
available datasets. The objective of this paper is to pro-
vide a more quantitative comparison between the observed
datasets, based on the foundation provided by Waliser et al.
(2009), especially in terms of climatic distributions of IWP,
using monthly mean values. This information is in turn used
to compare observations to models, with an intent to eval-
uate both the variability and the mean. Basically, the most
important reason for the difference between the datasets is
that retrievals based on different measurement techniques are
inherently different, as they are sensitive to different parts
of the cloud column (described in Sect. 2.2.6). Addition-
ally, the retrieval accuracy is limited by the uncertainties
made in the cloud microphysical assumptions, and the un-
certainties in the a priori background (e.g., Wu et al., 2009;
Eriksson et al., 2008). Despite these shortcomings, satel-
lite data remain the most valuable source of information as
in situ measurements of IWP are few and far apart. There are
many satellite datasets available that provide an IWP prod-
uct, some with a temporal coverage of up to 25 years. The
range of datasets are based on techniques covering spectral
bands ranging from microwave to visible using passive sen-
sors or active instruments. Our knowledge on IWP has in-
creased significantly through the introduction of CloudSat,
and is therefore the main reference dataset in this article.
This article provides a comprehensive comparison of satel-

lite datasets, such comparison, in the long run can potentially
be used to constrain model IWP output. In particular, we an-
chored monthly mean IWP of long term satellite datasets to
CloudSat, as CloudSat retrieval accuracies have been previ-
ously quantified using in situ data from several campaigns
in Heymsfield et al. (2008). We also evaluated the perfor-
mance of various climate models in terms of the distribution
of monthly mean IWP on climatic time scales. The climate
models used in this study are a subset of those included in
the fourth assessment report (AR4) in the Intergovernmental
Panel on Climate Change (2007).
Section 2 provides short descriptions of the chosen climate

models and satellite datasets. Section 3 provides quantitative
and qualitative results from the comparison study. Compar-
isons of satellite datasets, and satellite-model comparisons,

are done in parallel throughout the results section. Section 4
contains the discussion and conclusion.

2 Description of datasets

2.1 General circulation models

All models in AR4 provide monthly averages of IWP, which
contains only the suspended cloud-ice portion of the col-
umn, with a temporal range of at least 100 years from
1900. For the remainder of this article, model “cloud-
ice” will be simply referred to as IWP. Table 1 shows the
details of the sub-set of AR4 models used in this article.
The table depicts model details such as the model resolu-
tion, the full name of the model, its institute, and the short
name further used in this article. They are presented in no
particular order. Further descriptions of the climate mod-
els in AR4 can be found at http://www-pcmdi.llnl.gov/ipcc/
model documentation/ipcc model documentation.php. We
have chosen a somewhat ad hoc selection of 6 models which,
in themselves, roughly represent the inter-model variability
of IWP of all models in AR4. ECHAM is a high resolution
model with comparatively low IWP values, CCSM has the
highest resolution and the lowest IWP averages of all mod-
els, CSIRO has a relatively high horizontal resolution and
relatively high IWP averages, GISS has the coarsest resolu-
tion and has very high IWP averages, INM is a low resolution
model with very low IWP values in general, and UKMO has
a relatively high resolution and shows remarkably low IWP
values in the tropics compared to outside the tropics.

2.1.1 Common model features

In general, GCMs generate ice clouds through the conver-
gence of moist air masses leading to condensation by large-
scale dynamics. This is added to the existing cloudiness in
the grid box previously determined either diagnostically by
relative humidity or prognostically as cloudiness from an ear-
lier time step. Moist convection also adds cloud-ice to ex-
isting ice cloud. When comparing climate model output to
satellite data, it is important to recognise that the representa-
tion of IWP is only comparable to satellite observations to a
certain extent. Climate models distinguish between precipi-
tating ice, such as snow and graupel, and cloud-ice, which
remains suspended aloft. The precipitated ice is removed
at each time step and it either sublimates as it falls out or
reaches the ground as precipitation. Only the cloud-ice re-
maining from these processes is saved as a diagnostic vari-
able, and stored in the AR4 archive. Waliser et al. (2009)
suggest models may have ratios of suspended, or floating
cloud ice compared to the total column of ice particles, fur-
ther called cloud-ice column ratio, in the order of 0.1 to 0.3.
We compared the models in terms of absolute column water
mass (Precipitable Water, Liquid Water Path and IWP), and
detected large differences between the models (not shown).
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Table 1. IPCC Global Climate Models. This table provides an overview of the resolution and country of origin for the subset of IPCC AR4
models used in this study.

Short name Horizontal Atm. Model Name Institute
Resolution Layers

ECHAM 1.9×1.9◦ 19 ECHAM5/MPI-OM Max Planck Institute
for Meteorology
(Germany)

CCSM 1.4×1.4◦ 26 Community Climate System Model, National Centre for
version 3.0 (CCSM3) Atmospheric Research

(USA)

CSIRO 1.9×1.9◦ 18 CSIRO Mark 3.0, Commonwealth Scientific
Climate System Model and Industrial

Research Organisation
(Australia)

GISS 5×5◦ 15 GISS ModelE-R atmospheric, NASA Goddard Institute
General Circulation Mode for Space Studies (GISS)

(USA)

INM 5×4◦ 21 INMCM3.0 Institute of Numerical
Mathematics, Russian
Academy of Science

UKMO 1.25×1.875◦ 38 Hadley Centre Hadley Centre for Climate
Global Environmental Model, Prediction and Research
version 1 (HadGEM1) and UK Met office

Therefore, statements about the absolute differences in IWP
between the models should take the column cloud-ice ratio
into account.

2.2 Satellite IWP datasets

IWP is retrieved over a wide radiative spectrum, ranging
from microwave to visible wavelengths. We have chosen
datasets with retrievals throughout this range. The satel-
lite datasets used in this survey are presented in no partic-
ular order below. In contrast to models, satellite retrievals
of ice clouds do not make a distinction between ice parti-
cles, whether precipitating or suspended, and this must also
be taken into account in all model-satellite comparisons.

2.2.1 CloudSat

CloudSat data are provided by Colorado State University and
NASA Jet Propulsion Laboratory. CloudSat is part of the A-
train, which is a constellation of satellites flying in close for-
mation enabling maximum collocations between these satel-
lites (Stephens et al., 2002). To date, CloudSat provides
the most advanced satellite dataset on clouds. In contrast to
the other satellite datasets in the survey, which are based on
passive remote sensing techniques, CloudSat has a 94GHz,
0.16◦ off-nadir looking Cloud Profiling Radar. It has a high

vertical resolution of 500m, enabling the retrieval of cloud
vertical structures, and has a small horizontal footprint of ap-
proximately 1.5km.
The IWP product used in this study is RO ice water path

from the 2B-CWC-RO CloudSat dataset, version 008. IWP
is retrieved from the detected back-scatter from the Cloud
Profiling Radar in conjunction with model temperature data
from the ECMWFmodel (the CloudSat ECMWFAUX prod-
uct). The algorithm used for this product is described in
Austin et al. (2009). On-line descriptions of CloudSat prod-
ucts are also available at the website: http://www.cloudsat.
cira.colostate.edu/dataSpecs.php.
Although precipitating ice is part of the ice column that

makes up IWP, from the model standpoint, large precipi-
tating particles in observations lead to larger IWP than in-
tended in the definition of IWP. Therefore, for comparisons
of CloudSat IWP to modelled IWP, we removed all profiles
that are flagged to contain precipitation at the surface in a
similar manner as done in Waliser et al. (2009). The pre-
cipitation flag used is in the 2C-PRECIP-COLUMN Cloud-
Sat dataset (version 0). This product is only valid over open
ocean. (Haynes et al., 2009). The dataset created by apply-
ing the precipitation flag to CloudSat profiles is known as
IWPnoPrecip.
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Despite probably providing the best estimate of IWP, there
are somemajor uncertainties that must be considered. Firstly,
the retrieval uncertainty has been quantified in Heymsfield
et al. (2008), where CloudSat IWC retrievals were shown to
be within±40% of in situ measurements (Austin et al., 2009;
Waliser et al., 2009). However, the sample from which the
40% error estimate is determined is small, and the study used
simulated satellite data rather than real data, so the true re-
trieval error may be larger than 40%. Secondly, another im-
portant, but unquantified source of uncertainty is the cloud
phase classification. CloudSat retrievals use a linear liquid
to ice ratio as a function of modelled temperature, where all
clouds warmer than 273K are liquid clouds and all clouds
colder than 253K are ice clouds. Thirdly, although precipi-
tation in a profile is not an error source, by attempting to re-
move precipitation for model comparison additional uncer-
tainties arise. Aside from the uncertainties in determining
surface precipitation, one inevitably introduces a dry bias as
all cloud-ice associated with precipitation events is removed.
Despite the uncertainties in the IWPnoPrecip dataset, even

if this observed estimate of cloud-ice column ratio is off by
a factor 2, the uncertainty is still small than the one or two
orders of magnitude between models (Waliser et al., 2009).
In the absence of other information, we assume that 40% is a
realistic error estimate for CloudSat IWP, and for the model
comparison we additionally use the IWPnoPrecip dataset mi-
nus 40% for the low end of the CloudSat uncertainty. We
have used CloudSat IWP data covering the temporal range
of July 2006 to June 2009.

2.2.2 ISCCP

IWP data are provided by the International Satellite Cloud
Climatology Project (ISCCP). The D2 dataset, which con-
tains monthly averages, is based on one Infrared (IR) chan-
nel around 11μm and one visible channel around 0.6μm.
This is the only dataset that uses data from geostationary
satellites. Radiance data are collected from five geostation-
ary satellites and two polar orbiting satellites, although data
from polar-orbiting satellites are complementary and used
mainly at high latitudes. The geostationary satellites include
the satellites from the METEOSAT (EUMETSAT), GOES
(USA), INSAT (India), FY-2C (China), and MTS and GMS
(Japan) series. The polar orbiting satellites are from the
NOAA series from USA (Rossow and Schiffer, 1991). As
ISCCP is mainly based on geostationary satellites, it is best
at tropical latitudes. However, until 1997 there was a sys-
tematic gap in data coverage over the Indian Ocean and this
effect can be seen in the merged data prior to this date. Data
from ISCCP are gridded using an equal area grid described
in Rossow and Garder (1984), and have a horizontal reso-
lution of 2.5×2.5◦ at the equator. ISCCP does not provide
IWP directly. Instead, Water Path monthly means are pro-
vided for 15 distinct cloud types, classified according to their
cloud top temperature, cloud top pressure, and cloud optical

thickness. According to these classifications, an ice cloud is
a cloud that has a cloud top temperature colder than 260K
or has a cloud top pressure less than 440hPa. In much the
same approach used in Storelvmo et al. (2008), IWP is cal-
culated from the sum of Water Path values from all cloud
types classified as ice clouds and multiplied by the cloud
fraction. The difference in approaches lies in that Storelvmo
et al. (2008) partly reclassify ice clouds in the tropics into
liquid clouds, whereas we have decided not to reclassify
any clouds. Refer to Rossow and Schiffer (1991) or the
web page: http://isccp.giss.nasa.gov/docs/D-toc.html for a
detailed description of the algorithms used in the ISCCP re-
trievals. We have used data that extend from July 1983 to
April 2008.

2.2.3 PATMOS-x

The Pathfinder Atmospheres- Extended (PATMOS-x) dataset
is from the Cooperative Institute for Meteorological Satel-
lite Studies, Madison USA. The IWP data product is based
on visible, near infrared, and infrared radiances from the
AVHRR instrument on board the NOAA Polar- orbiting
Operational Environmental Satellites (POES). An algorithm
based on Heymsfield et al. (2003) is used to derive IWP using
solar reflection and radiance measurements. The PATMOS-
x data used in this survey are monthly mean IWP, gridded
on a similar grid as ISCCP, but with a resolution of 0.5◦ at
the equator. Data from PATMOS-x span the longest time
period in the survey (January 1982 to April 2008). Infor-
mation about the dataset is available at the web site: http:
//cimss.ssec.wisc.edu/patmosx/.

2.2.4 MODIS

IWP data are also available from the NASA Moderate Res-
olution Imaging Spectroradiometer (MODIS). The product
used here is from the MODIS Science Team. As with
PATMOS-x, IWP is retrieved from visible, near infrared, and
infrared channels, yet at a higher spectral resolution. The
MODIS instrument is down-looking with a total of 36 spec-
tral channels, and 13 of them are used for retrieving cloud
properties. The MODIS instrument is on board the Earth
Observing Satellites, Aqua and Terra, where Aqua is located
in the A-train (Stephens et al., 2002). All MODIS data are
screened using a cloud mask described in Ackerman et al.
(1998), and details on the retrieval are described in King
et al. (1997). The MODIS data used in this survey are the
level 3 monthly cloud product (MYD08 03, collection ver-
sion 5), column integrated IWP, with a 1◦ gridded spatial res-
olution. We have chosen to focus solely on data from Aqua
as its data are collocated with CloudSat. The MODIS data
used in this survey extend from June 2006 to April 2008.
Information about the dataset is available at the web site:
http://modis-atmos.gsfc.nasa.gov/index.html.
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Table 2. Satellite datasets. The first part of the table contains the short name of the satellite dataset used in this study, the on-board instrument,
and the number of channels in the radiance spectrum used for the retrieval. The second part shows the type of IWP product and the temporal
range used in this study. MODIS pertains to IWP data from the Aqua satellite only and MSPPS pertains to data from NOAA18 only.

Short Name Type Platform(s) Sensor Spectrum No. Ch.

ISCCP VIS/IR Geostationary: Spectrometers 0.6, 11 μm 2
GOES, GMS, METEOSAT
Polar: NOAA

PATMOS-x VIS/IR NOAA-15,16,17,18 AVHRR 0.6–12 μm 5
MODIS VIS/IR Aqua MODIS 0.6–14.2 μm 13
MSPPS MW (passive) NOAA-18 MHS 89–183GHz 5
CloudSat MW (active) CloudSat CPR 94GHz 1

Short Name IWP Data Product temporal range

ISCCP Level 3 mean Water Path from different cloud classes 198307-200804
on an equal area grid (ca. 250×250km).

PATMOS-x Level 3 mean IWP product on equal area grid (ca. 50×50km). 198201-200804
MODIS Level 3 mean IWP product on 1◦ grid 200606-200804
MSPPS Level 2, granule 200606-200804
CloudSat Level 2, granule (2B-CWC-RO) 200606-200906

2.2.5 MSPPS

Satellite IWP data from passive microwave sensors are pro-
vided by the Microwave Surface and Precipitation Products
System (MSPPS) from the National Environmental Satellite
Data and Information Service (NESDIS). The MSPPS IWP
product is retrieved using the AMSU-B sensor which has 5
channels ranging from 89GHz to 183.3GHz. In short, IWP
is retrieved from the dampened microwave emission from
the surface, where the dampening of the emitted radiation
is due to scattering by large particles. AMSU is flown on
the NOAA POES satellites. For further details regarding the
AMSU-B instrument, refer to Atkinson (2001). For a de-
scription of the MSPPS IWP product and others derived from
AMSU refer to Ferraro et al. (2005). As the satellite NOAA-
18 has the largest number of collocations with CloudSat, we
have chosen to focus on MSPPS data from NOAA-18 only.
AMSU-B was replaced by the Microwave Humidity Sounder
(MHS), which is very similar in design to its predecessor on
NOAA18. MSPPS data used in this survey extend from Oc-
tober 2005 to December 2009.

2.2.6 Satellite dataset summary

IWP from all gridded datasets (MODIS, PATMOS-x and IS-
CCP) are multiplied by the corresponding cloud fraction for
comparability with granule datasets (CloudSat and MSPPS)
and climate models. Refer to Table 2 for an overview of
the datasets used in this survey. The table provides the
short name, the instruments used in the retrievals, the satel-
lite platforms and the institutions associated with these prod-
ucts. Comparing satellite datasets of retrieved IWP is not
straightforward. One major retrieval uncertainty comes from

the uncertainty in determining the cloud top and cloud base
from retrievals (Wu et al., 2009). This uncertainty is in-
evitable as cloud-ice signals are generally stronger for high
frequencies (VIS, IR) than for low frequencies (passive mi-
crowave, radar). This is due to the relation of wavelength
and particle size, influencing the particle’s scattering prop-
erties. Retrievals of IWP based on microwave frequencies
such as used by MSPPS and CloudSat, have difficulties de-
tecting thin cirrus clouds, but can retrieve cloud information
from thicker ice clouds than retrievals based on IR or VIS
instruments can. On the other hand, retrievals such as used
in ISCCP, PATMOS-x and MODIS, detect more thin clouds.
In truth, each satellite IWP retrieval portrays only part of
the true IWP column (Waliser et al., 2009). Figure 1 shows
a simple schematic of a cloud, that outlines approximately
where cloud property information is obtained depending on
the wavelength regions used for the measurement. From this,
it is intuitive that retrievals based on different measurement
techniques will give different solutions.
As a consequence, the distribution and, especially, the

magnitude of IWP is expected to vary between datasets and
this must be taken into account when comparing datasets.
Although CloudSat gives the best instantaneous measure-
ment of IWP, CloudSat’s temporal range is too short to ac-
cess variability in the monthly mean IWP in the models. The
ENSO index had a tendency to positive values (La Nina),
throughout the time period that CloudSat has been opera-
tional, leading to changes in the IWP spatial distribution. Al-
though the models capture inter-annual variations and may
predict the correct variability, the timing of these events will
not necessarily coincide with the inter-annual variations of
the real world. Also, for assessing the spatial variability of
the models, CloudSat’s sparse horizontal coverage must be
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taken into account. The relative sparsity of measurements
introduces sampling effects for gridded data, that the longer
datasets, based on scanning instruments, are not suscepti-
ble to. Choosing a 5◦ grid for CloudSat generally mitigates
this effect. Due to this, we also use satellite datasets with
longer temporal ranges and a higher spatial coverage. As
both PATMOS-x and ISCCP have long temporal ranges, they
capture the inter-annual variations of IWP, and are there-
fore suitable for validation of models in terms of variabil-
ity. PATMOS-x, MODIS and MSPPS have high spatial cov-
erage which is useful for spatial distribution comparisons
to models.

3 Observations and results

3.1 Zonal averages

Figure 2 shows the zonal mean IWP for the satellite datasets,
compared on a common period (July 2006 to April 2008).
The uncertainty interval, indicated by the grey shaded area,
is based on the uncertainty of CloudSat measurements, esti-
mated to be 40% by Heymsfield et al. (2008). For the ob-
servational datasets in Fig. 2, the uncertainty is in the range
between CloudSat minus 40% and CloudSat plus 40%. For
example, at the Equator, the average of CloudSat IWP is
92 g/m2. Multiplying by a factor 0.6 and 1.4 for the lower
and upper uncertainty bounds respectively, gives an uncer-
tainty interval of 55–128 g/m2 at the Equator. For Fig. 3,
IWPnoPrecip is instead used as the reference dataset, to facil-
itate comparison to the models, which do not include pre-
cipitation in their IWP column. In the same manner as for
the uncertainty of the observations, the uncertainty is in the
range ±40% of the zonal averages of IWPnoPrecip. As this
reference dataset is only valid over ocean, IWP values over
land are masked out in both the observations in Fig. 2 and the
models in Fig. 3 for the zonal comparison.
As seen in Fig. 2, there are large differences in the IWP

magnitude between the satellite datasets. As mentioned in
Sect. 2.2.6, these differences can be attributed to instrumen-
tal sensitivities and, to some extent, the retrieval techniques
used. For the individual datasets, PATMOS-x and MODIS
(AQUA) are in best agreement with CloudSat. Within
±60◦ latitude, statistical comparisons also including MODIS
data from the TERRA satellite (not shown) indicate that
PATMOS-x lies between the two MODIS datasets in terms
of correlation, and root mean square difference compared to
CloudSat. MODIS (TERRA) is always un-collocated with
CloudSat, and as mentioned earlier, MODIS (AQUA) is col-
located with CloudSat and PATMOS-x contains both collo-
cated and un-collocated data. PATMOS-x has a very large
positive bias outside ±60◦ latitude, and as MODIS’s zonal
average generally lies inside the uncertainty interval at all
latitudes, it is in better agreement with CloudSat overall.

RADAR
Passive MW
IR+VIS
IR only
LIDAR

Fig. 1. A schematic figure of a thick cloud. The columns indicate
approximately where in the vertical cloud the different measure-
ment techniques are sensitive (figure by Oliver Lemke).
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Fig. 2. Zonal averages of IWP of satellite datasets over ocean. The
grey shaded area is the uncertainty interval, as described in the text.
The averages are for the period July 2006 to April 2008.

ISCCP appears to have low IWP values in general com-
pared to the other datasets, with particularly low values in
the tropics. Importantly, ISCCP appears to be in good agree-
ment with the IWPnoPrecip dataset in the tropics, but has larger
values outside the tropics. MSPPS has the lowest zonal aver-
ages of IWP, probably because many clouds are completely
undetected. MSPPS is far below both the lower bounds of the
uncertainty interval outside the tropics. In mid-latitudes re-
gions, which are dominated by less thick ice clouds, MSPPS
has very low values. In contrast to ISCCP, MSPPS has its
largest IWP averages in tropical areas. It is close to the
IWPnoPrecip dataset in the tropics in terms of absolute IWP,
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Fig. 3. Zonal averages of IWP for climate models from 100 years
of monthly mean data. The uncertainty level is based on CloudSat
data and applied to the IWPnoPrecip dataset, as described in the text.
A factor 0.5 is applied here to AR4-GISS in order to visualise it in
the domain of this figure.

although for different reasons than ISCCP. This can be ex-
plained insofar as MSPPS retrievals mainly have sensitivity
to large ice particles associated with convective clouds. All
passive satellite datasets perform very poorly over snow cov-
ered regions, including ice shelves (not shown), as a signal
from the cold surface is often indecipherable from a signal
from thick ice clouds, and therefore erroneously detected as
clouds with high IWP values. For this reason most compar-
isons are for data inside the latitude range 60◦S–60◦N, a re-
gion henceforth known as the “total”-region,
Figure 3 shows the zonal mean IWP for the models us-

ing all available data, albeit for ocean grid boxes only. To
reiterate from Sect. 2.2.1, the IWPnoPrecip dataset should be
a low estimate of IWP as it contains an additional dry bias
introduced by removing all cloud-ice where there was sur-
face precipitation. It is clear that there are large differences
between observed and modelled IWP averages (Figs. 2 and
3), but also between the models themselves. Within tropi-
cal latitudes, about half of the models are below or far below
the uncertainty range defined using IWPnoPrecip, indicating an
underestimation of IWP. Outside the tropics, the models are
widely spread and, as they do not contain precipitation, prob-
ably overestimate IWP. GISS is the exception, as it clearly
overestimates IWP at all latitudes (a factor 0.5 is applied to
GISS averages in Fig. 3). However, statements on overesti-
mation or underestimation of IWP in the models is somewhat
uncertain, as the actual cloud-ice column ratio (suspended
amount divided by the total) of the models is not provided.
Additional uncertainties in comparing satellite to model

data were highlighted in Waliser et al. (2009). One must ac-
count for satellite overpass times when pairing datasets and

models. If the sampled data have different overpass times
from the model run time, they are essentially sampling differ-
ent parts of the diurnal cycle. IWP may fluctuate on the order
of ±50% from the mean in the tropics. They also mentioned
the need to take sensor and algorithm sensitivities into con-
sideration when comparing satellite to model measurements.
There are maximum and minimal retrieval values, which de-
pend on the sensitivities of the retrieval and instruments. The
models don’t suffer from this, and therefore one should re-
move modelled cloud properties outside the detectable range
of the dataset before comparison. However, we have decided
to neglect these effects, as this paper concerns the compari-
son of modelled monthly mean IWP, to several satellite data
on a climatic time scale. Waliser et al. (2009) reported that
even amongst some more sophisticated models, their zonal
averages of IWC were in disagreement with CloudSat data.
Figures 2 and 3 verify this, but information on the longitu-
dinal inhomogeneity of IWP is lost. Therefore, in order to
learn more about the differences in IWP between datasets,
we also assess the spatial distribution of IWP. In this way we
may understand if the differences are larger in some regions
than others.

3.2 Spatial distribution of IWP

Figure 4 shows the spatial distribution of CloudSat IWP
(left) and the spatial distribution of the ratio of CloudSat
IWPnoPrecip to IWP (right) between 60◦ N and 60◦ S on a
5◦ grid. The ratio between these two datasets provides a
rough estimate of the cloud-ice column ratio, in order to re-
late the IWP from CloudSat to the model version of IWP
(which has no precipitation). According to CloudSat data,
the area around the Indonesian archipelago has the highest
IWP globally. This region is often referred to as the Trop-
ical Warm Pool (TWP). High values of IWP are also ob-
served at the Inter-Tropical Convergence Zone (ITCZ) and
mid-latitude storm tracks, and the smallest IWP averages are
found over the subsidence regions in the South Eastern Pa-
cific and Atlantic oceans. Figure 4 (right) shows that for re-
gions with the strongest convection, e.g. associated with the
ITCZ and the TWP, the mean of IWPnoPrecip is around 20%
of the mean IWP. The fraction is around 40% for regions of
westerlies in the northern and southern hemispheres, and in
the subsidence regions the fraction is closer to 90%. These
cloud-ice column ratios are roughly consistent with cloud-
ice column ratios of the RAVE-GCM as described in Waliser
et al. (2009), and especially its latitudinal dependence (see
Fig. 10e therein).
To enable a better qualitative inter-comparison of the spa-

tial distributions of IWP, the data shown in Figs. 5 and 6, are
in percentiles. If the data were presented as absolute IWP, the
large differences in IWP magnitudes, and the outlier values
for each dataset, impact in such a way that many spatial fea-
tures in the distribution of IWP are harder to discern from
the figure. The distribution of gridded IWP values is not
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Table 3. Quartile values of the cumulative distribution of gridded IWP data, and the total mean as shown in Figs. 5 and 6. All datasets and
statistics are based on a 5◦ grid, and the unit for IWP is g/m2.

Observations
CloudSat IWP noPrecip MODIS ISCCP PATMOS-x MSPPS

1st quartile 41 15 35 17 75 3
Median 72 29 63 34 115 7
Mean 78 27 60 35 117 11
3rd quartile 108 38 85 50 152 16

Models
ECHAM CCSM CSIRO GISS INM UKMO

1st quartile 21 11 20 81 7 8
Median 35 19 38 180 12 25
Mean 36 20 47 232 11 46
3rd quartile 49 28 70 331 15 78
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Fig. 4. CloudSat IWP (left), and the ratio (%) of CloudSat IWPnoPrecip and IWP (right) from the period July 2006–June 2009.

Gaussian and have quite different shapes from each other.
Therefore they are not readily normalised using mean and
standard deviations. The quartiles and the mean are given in
Table 3.

Figure 5 shows the spatial distribution of IWP for the satel-
lite datasets for the period July 2006 to April 2008. From left
to right, the top panels are IWP and IWPnoPrecip data (both
from CloudSat), the middle panels are MSPPS and ISCCP,
and the bottom panels are MODIS and PATMOS-x. In gen-
eral, the satellite datasets agree on the spatial distribution of
key dynamical features such as the extent of the TWP and
ITCZ, but do not show the same level of agreement at higher
latitudes. As mentioned in Sect. 2.2, differences in the abso-
lute IWP are expected due to instrument sensitivities. Conse-
quently, judging from the spatial distribution of MSPPS, es-
pecially the relatively high IWP values of the tropical conti-
nental regions, indicate that its strength lies in detecting IWP
of thick ice clouds, e.g. associated with deep convection.
This is due to the passive microwave radiation’s sensitivity to
large ice particles. As indirectly indicated from Fig. 4, deep
convective clouds probably contain the highest fraction of ice
particles which are large enough to induce detectable damp-
ening of the microwave emission through scattering. Con-

versely, outside the tropics and in the oceanic subsidence re-
gions, clouds are largely undetected, resulting in very low
absolute values compared to the other observations and in
the median IWP being well below the mean IWP. The spatial
distribution of datasets using IR/VIS techniques (PATMOS-
x, ISCCP and MODIS) have more likeness to CloudSat. In
terms of magnitude, ISCCP has low IWP averages in gen-
eral compared to CloudSat, PATMOS-x andMODIS, and has
particularly low IWP in the convection dominated regions of
the tropics. Waliser et al. (2009) argue that ISCCP IWP is
expected to roughly coincide with the suspended cloud-ice
portion of the atmospheric column, as it is insensitive to pre-
cipitation. ISCCP’s close agreement with IWPnoPrecip shown
in Fig 2 support this notion. Although PATMOS-x exhibits
larger values of IWP while MODIS somewhat lower values
than CloudSat, both of their relative spatial distributions ap-
pear to be in general agreement with CloudSat. As can be
seen in Fig. 5, the IWPnoPrecip dataset has a mean at about
1/3 of the total IWP from CloudSat over the latitude inter-
val, but has relatively less IWP in the convective regions in
the tropics.
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Fig. 5. IWP spatial distribution of satellite data for their common temporal range (July 2006 to April 2008). Based on a polar colour table,
the colour “steps” represent 100× 1

32 -percentile intervals, the “colours” are in reference to the percentile box that contains the mean (which
is coloured white), and the values in the legend are the absolute IWP [g/m2], corresponding to the percentiles at 0%, 1st quartile, median,
3rd quartile and at the 100× 31

32 percentile ( 96%). See also Table 3 for the gridded statistics referred here.
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Fig. 6. Same as Fig. 5, except for model data, and all available monthly IWP data are used.
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Table 4. IWP Statistics using monthly means [g/m2] for selected satellite datasets and climate models. Statistics are provided for the total
region (60◦S–60◦N) and the tropical region (30◦S–30◦N). The Satellite data comparison is from 2007, using a common spatial resolution
of 5◦, and with CloudSat as the reference dataset. Model statistics are based on the month averages derived from 100 years of data, which
has been re-gridded to a 5◦ grid for comparison. As model IWP can not be readily compared to satellite data, and the IWPnoPrecip dataset is
only valid over ocean, ECHAM has been arbitrarily chosen as the reference model for the subset of models. RMSD is the root mean square
difference and R stands for the spatial and temporal correlation of a dataset compared to the reference dataset.

Total Tropics
Datasets Mean Std Bias RMSD R Mean Std Bias RMSD R

CloudSat 77 90 0 0 1.00 75 104 0 0 1.00
ISCCP 33 28 −44 88 0.61 23 23 −52 101 0.79
PATMOS-x 109 83 32 71 0.73 105 97 31 72 0.80
MODIS-aqua 58 44 −19 67 0.75 48 47 −27 76 0.82
MSPPS-noaa18 12 18 −65 103 0.64 15 22 −60 108 0.74

AR4-ECHAM 34 18 0 0 1.00 24 13 0 0 1.00
AR4-CCSM 18 11 −15 17 0.93 12 7 −12 14 0.82
AR4-CSIRO 42 31 8 19 0.90 25 17 1 10 0.80
AR4-GISS 211 197 178 257 0.62 115 127 91 154 0.29
AR4-INM 11 5 −23 27 0.67 10 6 −15 18 0.65
AR4-UKMO 39 43 6 30 0.82 11 10 −13 19 0.35

Figure 6 shows the spatial distribution of IWP percentiles
for the selected climate models, averaged over all available
years (~100 years). The size and location of key dynamical
features differs between the models. All models show ele-
vated IWP averages, in relation to their total mean, around
the oceanic westerlies of both hemispheres, although the
magnitude of absolute IWP varies considerably. The mod-
els also depict, to a varying extent, large regions of low IWP,
in relation to their total mean, in the tropical and subtropical
Eastern Pacific and Indian Oceans. Notably, the ratio of IWP
magnitudes between tropical regions and temperate regions
varies greatly from model to model. Figure 6 (and Table 4,
introduced later) indicate that it is at tropical latitudes that the
models are in greatest disagreement. Compared to observed
dynamical features seen in Fig. 5 (e.g. TWP, ITCZ), some
models, such as GISS and INM, show large areas of rela-
tively elevated IWP, misplaced well west of the TWP. Some
models, such as GISS, present a region of relatively low IWP
along the equator deep into the TWP, also diminishing the
ITCZ. In an absolute IWP sense, the GISS model uniquely
has higher IWP values than the observations. Some mod-
els have strong local maximum over Southern China, whilst
other models completely lack this feature. The GISS model
has extremely elevated values in this area (several orders of
magnitude higher than its total absolute mean IWP). Such
features are not seen in any of the satellite datasets. It is also
clear that some models, such as UKMO, have very low IWP
values in the Tropics, both in a relative and absolute sense.
This indicates that the models are probably incorrect or the
model data are incomplete here. Compared to observations,
large-scale dynamical features of modelled IWP are seen to

largely deviate from observations, even after attempting to
remove the difference caused by precipitation, as done in the
IWPnoPrecip dataset.

3.3 Monthly mean IWP

Modelled monthly mean IWP only very roughly represents
the amount of ice in the atmosphere, where small scale pro-
cesses, such as convection, and processes dependent on the
diurnal cycle are parametrised. Figure 7 shows the histogram
distributions of CloudSat IWP (level 2, granule data) for
March 2007. The figure on the left shows data from com-
bined regions with equatorial continental convection in South
America and Africa, called trop cont (see Fig. 9). The figure
on the right shows the global IWP distribution. The total
mean (black), the cloudy mean (red) and the cloudy median
(blue) IWP value for the month is shown as vertical lines in
the figure.
For the given month, frequent convection in the trop cont

contributes to a mean IWP of 182g/m2 and for cloudy foot-
prints, defined as IWP> 0 as seen by CloudSat, the average
IWP is 420g/m2. Despite the highest IWP values in this re-
gion, the ratio of cloudy pixels is only ~44%. The median
IWP value of the cloudy pixels is only 39g/m2. By com-
parison, the global mean of all CloudSat IWP measurements
for the same month is 73g/m2, and 190g/m2 for the mean
cloudy IWP. The median cloudy IWP value is 33g/m2, and
the ratio of cloudy pixels is 38%.
From Fig. 7, it is easy to understand that the monthly

mean IWP is generally far from the IWP expected for the
most common atmospheric states. For the studied region, the
common state is cloud free (CloudSat IWP= 0), or cloudy,
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Fig. 7. Histogram of CloudSat IWP in a region of frequent strong convection (left) and the global IWP distribution (right). The region studied
here is the combined region of equatorial continental convection in South America and Africa (see Fig. 9.). The IWP data (level 2, granule)
are shown in intervals of log10(IWP). The sample month chosen for both histograms is March 2007. The vertical lines represent: the total
mean including cloud free footprints (black), the cloudy mean excluding cloud free (red), and the cloudy median (blue) for the given month.

with IWP less than 14 of the month mean. As the distribution
of IWP values is highly non-Gaussian, the use of Gaussian
statistics, such as mean and standard deviation, is not entirely
suitable for representing the monthly state of cloud proper-
ties, such as IWP. For example, for some physical process
F (e.g. radiative forcing) that is a non-linear but monotonic
function of x (e.g. IWP), the median value of x can be used
to infer the median value of the F . The same cannot be said
of the mean values owing to the non-linearity of F . Hence,
estimating the monthly cloud radiative forcing from monthly
mean IWP is inappropriate (e.g., Atlas et al., 1995). This ap-
pears to be especially serious for convective regions, where
the mean and median cloud values have the largest differ-
ences. Despite this, mean IWP is the common statistic used
by models and satellite datasets for representing the data on
a monthly basis.

3.4 Total statistics

Table 4 contains the area-weighted mean IWP of the se-
lected satellite and climate model datasets for the total region
(60◦S–60◦N) and the tropical region (30◦S−−30◦N). These
statistics are based on all monthly mean values in the given
period and grid. This differs from the statistics provided in
Table 3 for the spatial distribution of IWP expressed in per-
centiles, which are based on the average gridded IWP for the
entire period. The satellite comparison is based on monthly
mean values from 2007. The IWPnoPrecip dataset has not been
included here as it is only valid over open ocean. As indi-
cated, the satellite datasets are in better agreement, in terms
of spatial and temporal correlation in the tropical region than
in the total region. MODIS and PATMOS-x are in closest
agreement with CloudSat and are within, or close to Cloud-
Sat’s±40% uncertainty interval in both regions. MODIS ap-
pears closer to CloudSat in the total region (which includes
the tropics) than in the tropical region, whereas PATMOS-x

may agree slightly better with CloudSat in the tropics. How-
ever, PATMOS-x deviates strongly from the other datasets
at latitudes greater than 60◦N/S (not shown). MSPPS has
a large negative IWP bias in both regions, largely due to
its technical inability to detect most ice clouds. For de-
tected clouds MSPPS generally reports a factor 5 less IWP
than CloudSat (Holl et al., 2010). As previously shown in
Fig. 2, ISCCP IWP is close to the averages of the IWPnoPrecip
dataset, hence against CloudSat, ISCCP has a large negative
bias, tending towards a larger negative bias in the tropics. A
more detailed regional analysis of IWP averages is further
presented in Sect. 3.6.
Monthly averages, based on model data from 1900–2000,

were used for the model statistical comparison. Compared
to the satellite data, the models, with the exception of GISS,
clearly have much smaller IWP magnitudes, with averages
ranging from 30–50% of the CloudSat average. As men-
tioned earlier, this is expected as model IWP pertains to
the suspended cloud-ice portion of the IWP column only.
The models are therefore in better agreement with the ocean
only IWPnoPrecip dataset, which simulates CloudSat measure-
ments without precipitation (but has a dry bias), in terms of
magnitude. As the available datasets are not suitable for di-
rect comparison to model data here, we have arbitrarily cho-
sen ECHAM as a reference model for the subset of models.
In terms of spatial-monthly correlation, the models appear in
better agreement with each other in the total region, whereas
in the tropical region, the models deviate strongly from one
another. The models, except for INM, also have much higher
IWP averages in the total region than in the tropical region.
UKMO exhibits nearly a factor 4 higher IWP values in the
total region, whereas INM has the same average for both re-
gions. ECHAM, CCSM and CSIRO are generally well cor-
related in both regions, but CCSM has much lower IWP val-
ues. GISS has a very large IWP magnitude across all lati-
tudes and clearly exhibits problems modelling this quantity.
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In summary, the satellite datasets are in better agreement in
the tropics than outside the tropics, especially in terms of
spatial distribution of IWP. The climate models, on the other
hand, appear to have the opposite relation.

3.5 IWP seasonal cycle

In this section, we provide a qualitative evaluation of the
large-scale seasonal cycle of IWP in the tropics (30◦S−
30◦N), to check the model IWP variability compared to ob-
servations. As the standard deviation of IWP varies greatly
in magnitude between datasets, we have normalised the sea-
sonal cycle using the coefficient of variation (CV) (e.g., Mo-
hapatra et al., 2007). CV is the variation of the average IWP
for every month of the year (i.e. 12 values) normalised by the
total mean of the period.

CVxy= σxy

Ixy

where Ixy is the mean IWP of all months per grid box and σxy
is the standard deviation of the month averages per grid box.
Figure 8 shows the CV of observed and modelled IWP.

PATMOS-x and ISCCP were chosen as observational data
due to their long temporal ranges (25 and 24 years), long
enough to resolve the inter-annual variability, which is
present in the models. In the observed data, the spatial distri-
bution of CV indicates broad areas around the TWP, which
on a relative scale have little variability. This indicates semi-
persistent high IWP conditions in this region. As expected,
the yearly monsoonal activity, associated with the wander-
ing ITCZ, gives rise to a large variability of monthly IWP
near the Indian subcontinent, Northern Australia and Eastern
Africa. Both PATMOS-x and ISCCP also indicate a region
with a strong seasonal cycle in the Eastern Pacific. This fea-
ture is associated with an apparent “double ITCZ” that forms
during March and April, which ice signature was shown in
Mohr and Zipser (1996). Strong CV signals can also be seen
in areas with low absolute IWP averages, which may have a
short period of relatively large IWP values. This is because
CV emphasises regions with low IWP.
The models diverge in regions near, or periodically near

the ITCZ. The seasonal cycle of ECHAM closest resembles
observations, followed by CSIRO. GISS completely lacks
the area of low seasonal cycle associated with the TWP and
its adjacent areas, indicating too large seasonal variability
here. Most models have too small regions of low CV east and
west of the TWP, where observations indicate semi-persistent
high IWP. In general, the seasonal cycle of the models in the
important high IWP regions are not well represented in the
models. They also diverge in regions with low IWP, but these
are finer details, and this test is too stringent to assess the
models in these regions.

3.6 Statistics by region

Waliser et al. (2009) compared the average global, tropical
(30◦S–30◦N) and extra-tropical (> 30◦N,S) IWP for both ob-
servational datasets and GCMs. They found these averages
were approximately the same for each satellite dataset, and
for the models, they have a factor 2 more IWP in the extra-
tropics. We have chosen to go a step further and analyse the
regional averages of satellite and model data in regions that,
over all seasons, contain quasi- homogeneous atmospheric
conditions. We have defined 4 large regions, each with a
climate dominated by a large scale vertical motion of the at-
mosphere, either subsiding or rising.
We have selected two large subsidence zones west of

South America and west of South Africa, and these ar-
eas combined constitute the oceanic subsidence region
(ocean sub). Tropical continental South America and Africa
together constitute the tropical continental convection region
(trop cont). The TWP and areas adjacent constitute the Trop-
ical Oceanic Convection region (warm pool). The areas of
mid-latitude storms in the North Atlantic, North-West Pa-
cific, and the mid-latitude storm tracks in the southern hemi-
sphere, together constitute a region called westerlies. The
boundaries of these regions are based on the spatial distribu-
tion of IWP of all satellite datasets, and the largest possible
regions with similar IWP distributions were selected. The
extent of these regions are shown in Fig. 9.
The area-weighted mean and the regional fraction of IWP

was calculated for satellite datasets and models for the cho-
sen regions and are shown in Table 5. The regional fraction
in percent (IWPrel) is defined:

IWPrel= IWPreg
IWPtot

·100% (1)

where IWPreg is the mean IWP for a given region and IWPtot
is mean IWP from the total region (60◦S–60◦N) for each
dataset. This quantity was included in Table 5 for clarity,
as the difference in the mean IWP between datasets is large.

3.6.1 Regional observations

Table 5 shows the regional statistics of the observed datasets
and climate models. Results show that all satellite datasets
are in general agreement in the oceanic subsidence regions
in terms of relative IWP, with PATMOS-x and ISCCP hav-
ing a higher fraction of IWP in this region. PATMOS-x
has comparatively high absolute IWP averages in this region
(3× larger than CloudSat). It can detect thinner ice clouds
than CloudSat, such as clouds induced from gravity waves
or remnant outflow from distant convection. However, this
is may not be the cause of PATMOS-x’s high relative values
in these regions because MODIS, based on similar spectral
channels, does not show the same result. In the westerlies
region, ISCCP has the highest relative fraction of the total
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Fig. 8. Coefficient of variation, depicting the seasonal cycle of IWP in the tropics (30◦S–30◦N). The top two panels are the datasets,
PATMOS-x and ISCCP, both of which have sufficiently long temporal ranges to capture the inter-annual variability of IWP. The bottom six
panels are the subset of models used in this survey.
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Fig. 9. Schematic of regions chosen for statistical comparison. Tropical Continental zones (red), Tropical maritime convective zone (blue),
subsidence zones (black) and Westerlies (green).
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average (1.9), PATMOS-x and MODIS have the same frac-
tion (1.6), CloudSat (1.4). MSPPS has much too low IWP
averages in this region both in an absolute and relative sense
(0.4). As expected, the reverse is true for the warm pool re-
gion. MSPPS and CloudSat have the highest fractions of 2.6
and 2.3 respectively, followed by PATMOS-x and MODIS
with 1.9 and 1.8 respectively, and ISCCP with 1.5, has the
lowest fraction. The average IWP in the trop cont region is
approximately the same fraction as for the warm pool region,
albeit a little less for all datasets, with the strong exception
of MSPPS. MSPPS average IWP for the tropical continen-
tal region is nearly a factor five higher than its total aver-
age. This is likely an indication of the deep convection which
is generally more intense and more frequent over land than
over ocean (Hong et al., 2005). The ocean-only IWPnoPrecip
dataset has in general a smaller fraction of IWP in the tropics
and a larger fraction in the westerlies, than the other datasets.
As mentioned earlier, ISCCP and IWPnoPrecip mainly repre-
sent suspended cloud-ice and CloudSat and MSPPS mainly
represent larger particles. In light of this, it appears that
clouds may have a higher proportion of precipitating cloud
particles to small cloud-ice particles in the tropical convec-
tion regions compared to that of the westerlies regions.
Problems associated with comparing datasets in regions

where there are large diurnal variations of IWP, such as trop-
ical convective regions, are assumed to be small for Cloud-
Sat, MODIS, andMSPPS. The CloudSat and Aqua (MODIS)
platforms are in the A-train and the NOAA18 (MSPPS) plat-
form is close to the A-train, and therefore fairly collocated.
The local equatorial passing times for the A-train are around
13:45 and 01:45. ISCCP, based on geostationary satellites
and PATMOS-x, based on composite data from several sun-
synchronous satellites, may deviate from the other datasets
due to a different diurnal sampling. The regional comparison
of the observations further confirm the general statements
made on the differences between satellite datasets presented
in Waliser et al. (2009).
The models have the same IWP values as the observations

in the oceanic subsidence regions. As seen in Fig 4 (right) the
cloud-ice column ratio is likely to be high in the subsidence
regions indicating that the models are may be close to agree-
ment here. However in terms of IWPrel, the models have
too much IWP here in comparison to their mean global IWP.
All models except UKMO, have a relative IWP of between
27%–42%, whereas UKMO has a relative IWP value of 7%.
The models have similar to observed absolute IWP values in
the Westerlies regions, indicating that, in relation to the total
mean IWP, all models tend to overestimate IWP in these re-
gions. The exceptions are GISS and UKMO. GISS has very
large absolute IWP values and UKMO has a relative IWP
a factor three larger than its total average in the westerlies
region. In the convective regions all of the models have par-
ticularly low absolute, but also relative IWP compared to the
satellite datasets. This is especially pronounced in the trop-
ical continental regions. UKMO stands out with very low

IWP in these regions, merely around 30% of its total mean
IWP. The low modelled IWP averages in this region are at
least in part due to the low cloud-fraction, but in addition it
may also indicate insufficient moist convection.
It has previously been shown that climate models have

problems modelling the diurnal cycle, of which indicates
problems with convection (e.g., Dai and Trenberth, 2004;
Eriksson et al., 2010). The study in Eriksson et al. (2010)
showed that the models they studied captured the diurnal cy-
cle to a varying degree. Their results in conjunction with the
results presented in this study indicate that a model which is
good at one aspect of the cloud ice (such as IWP) appears to
also be good at other aspects (such as diurnal phase). Ad-
ditionally, the model regional results may reflect the better
availability of surface and atmospheric data at mid-latitudes,
which enables better parametrisations and tuning for the mid-
latitudes. The tropics are largely made up of oceans and mon-
itored by a very sparse network of measurement sites, leading
to more uncertain results.
As mentioned earlier, Waliser et al. (2009) showed trop-

ical, extra-tropical and global averages for all models and
datasets. For example, by attaining a tropical average (30◦S–
30◦N) by latitude only, large areas with high IWP, such as
trop cont and warm pool are averaged with large dry re-
gions, such as ocean sub along with large deserts (e.g Sa-
hara). Whereas, the average IWP of the extra-tropics is at-
tained from regions with, in general, less extreme IWP dif-
ferences. This regional comparison indicates that additional
important information can be attained by comparing datasets
and models on a regional basis, such as done here. Our
results show for CloudSat, the IWP magnitude of the trop-
ical “wet” regions is approximately a factor 2 higher than
the extra-tropical “wet” regions. The GCMs show IWP as-
sociated with the westerlies which are generally twice as
high as the total average, in accordance with Waliser et al.
(2009). This survey showed additionally that modelled IWP
in tropical continental regions is markedly lower than over
tropical maritime convective regions, in accordance with ice
clouds associated with convection over land probably having
smaller cloud-ice column ratios by comparison. Despite the
large uncertainties for determining which models are clos-
est to observations, judging in terms of absolute and relative
IWP values and spatial distribution of large dynamical fea-
tures, explained in Sect. 3.2, we believe ECHAM followed
by CSIRO are closest to observations.
In this sense UKMO and GISS are in largest disagreement

with observations, in that it UKMO has much too low tropi-
cal IWP values and has quite high values, and in relation to
its total mean, very high values in the westerlies. GISS has
a very high absolute IWP bias compared to all datasets at all
latitudes, and in the placement of key dynamical features of
IWP. Most likely the IWP data provided to the AR4 archive
from these two models have serious problems, the causes of
which are outside the scope of this article.
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Table 5. Area-weighted mean IWP [g/m2] for selected regions. The regional fraction IWPrel (in %), follows the regional mean in brackets.
The mean IWP for the total region has been included in the table as a reference (far right). All available data have been used to retrieve the
mean values.

Datasets ocean sub trop cont warm pool westerlies total

CloudSat 5.8 (7) 156.1 (202) 176.9 (229) 106.8 (138) 77.2
IWPnoPrecip 2.4 ( 9) 50.7 (195)* 38.3 (148) 25.9
ISCCP 3.9 ( 12) 42.6 (135) 46.5 (147) 59.3 (187) 31.7
PATMOS-x 15.0 (14) 182.8 (176) 197.3 (190) 166.3 (160) 104.1
MODIS-aqua 4.3 (8) 95.6 (165) 104.7 (181) 91.9 (159) 57.9
MSPPS-noaa18 0.6 (5) 58.9 (481) 30.6 (249) 4.7 (39) 12.2

AR4-ECHAM 9.1 (27) 39.3 (117) 43.5 (130) 61.9 (184) 33.6
AR4-CCSM 4.8 (26) 14.9 ( 81) 22.9 (125) 36.5 (198) 18.4
AR4-CSIRO 7.2 (17) 26.0 (62) 52.1 (124) 98.1 (234) 41.9
AR4-GISS 57.0 (27) 183.7 (88) 93.1 (44) 433.4 (207) 209.3
AR4-INM 4.6 (43) 9.8 (91) 16.0 (148) 15.0 (138) 10.9
AR4-UKMO 2.7 (7) 10.2 (26) 12.8 (32) 118.2 (300) 39.4

* IWPnoPrecip is an ocean only dataset which effects its regional averages in the trop cont and warm pool regions.

4 Discussion and summary

From a subset of 6 models out of 20 in the AR4 archive,
large discrepancies between modelled IWP distributions are
apparent. The models, which were selected in a way that
their the inter-model variability is close to that of all mod-
els in the archive, reflect the difficulties faced in modelling
this quantity. A major contributing factor to this is the lack
of detailed cloud ice measurements to constrain the models
with. Although satellite datasets of IWP now span 25 years,
no satellite datasets provide consistent and accurate IWP re-
trievals for the entire cloud ice column. Rather, depending
on the remote sensing technique used, different portions of
the column are retrieved. The introduction of the CloudSat
Profiling Radar is a leap forward for the modelling commu-
nity in addressing the problems in cloud ice simulation. In
contrast to the IWP data from passive sensors, CloudSat pro-
vides information on the vertical structure of clouds, which
is essential information in modelling fields such as IWC.
Waliser et al. (2009) used CloudSat as the main reference

of IWP, and compared the distribution of modelled IWC in
two prognostic GCMs. They showed large differences in
vertical distribution of IWC between the models and Cloud-
Sat. CloudSat IWP represents the total mass of ice, including
graupel and snow, which are not included in model IWP. As
discussed in detail in Waliser et al. (2009), the distinction
between different ice categories is natural and simple from
a model point of view, but hard or even impossible from a
measurement point of view. The only reasonably well de-
fined quantity to measure is total IWP. Therefore, to aid in
the model comparison to observations we added a dataset,
called IWPnoPrecip, based on CloudSat measurements where
profiles containing surface precipitation were removed. This

dataset represents the lower end of the uncertainty as it natu-
rally has a dry bias because all clouds strong enough to sup-
port precipitation are removed from the total.
The satellite datasets have very different magnitudes and

distributions of IWP, due largely to the different retrieval
techniques used. MODIS is in best agreement with CloudSat
over all latitudes, with a negative bias. PATMOS-x is also
relatively close to CloudSat within 60◦S–60◦N, but with a
positive bias compared to CloudSat. ISCCP has a consider-
able low bias compared to CloudSat but is in good agreement
after removing the precipitation, i.e. with IWPnoPrecip.
Also in Sect. 3.1 and 3.2, it is shown that the climate mod-

els disagree on the magnitude and spatial distribution of IWP,
which confirms the results of Waliser et al. (2009). As the
modelled IWP and observed IWP are not defined equally,
not much can be said about the absolute IWP of the models.
However, it is shown that the models are in larger disagree-
ment to observations in regions with persistent convection.
The regional comparison study in Sect. 3.6 showed that

in relation to the observed mean IWP in 60◦S–60◦N, many
models have particularly low IWP ratios in the tropical re-
gions compared to the westerly storm-track regions. The
GISS model is the exception, it has much higher absolute
IWP values than seen in satellite observations across all lat-
itudes, depicting difficulties modelling this quantity. In this
comparison ECHAM and CSIROwere the two models which
were closest to the “observed” data in terms of absolute mag-
nitude and spatial correlation. There may be some merit for
the models having higher relative values outside the trop-
ics than inside as model IWP is suspended cloud ice only,
and the simulated suspended cloud ice to IWP fraction re-
lationship shown in Fig. 4 suggest that cloud ice fractions
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are indeed higher outside the tropics. This relationship
was first indicated by zonal averages using two models in
Waliser et al. (2009).
As this study concerns the atmospheric state monthly

mean, we assessed the distribution of CloudSat level 2, gran-
ule IWP data for one month. Section 3.3, showed that mean
for March 2007, is the mean of very different atmospheric
states, and its distribution is highly non-Gaussian. This is
also most apparent in convective regions.
For the climatology of IWP to be modelled correctly, they

must model the large scale processes that effect the seasonal
variability of IWP. It is expected that there is a high seasonal
variability of IWP in certain regions of the tropics such as
the Indian sub-continent and Northern Australia, and a low
variability in regions such as near the equator over the In-
donesian archipelago. Using long term datasets of IWP from
PATMOS-x and ISCCP, we assessed the coefficient of vari-
ation, a measure of the seasonal variability, of the gridded
monthly averages of IWP in the models. By using datasets
with long time series, the inter-annual variability is aver-
aged in the model and observations statistics. Figure 8) in
Sect. 3.5 shows that most models differ from the observed
data in terms of where and how strong their seasonal vari-
ability of IWP is, especially in and around the ITCZ region.
This may indicate that important seasonal features such as
the Indian monsoon may not be simulated satisfactorily.

5 Conclusions

Although several IWP observational datasets exist, they are
more or less inherently different from one another, as they re-
trieve information from different parts of the cloud column.
This is not purely a limitation. With the knowledge on the
observational datasets’ limitations and sensitivities, they may
be used in combination to enhance our knowledge on the to-
tal IWP column. We have evaluated five IWP datasets by
comparing them to CloudSat in their period of overlap, in
terms of distribution and magnitude of monthly mean IWP.
ISCCP, one of the longest datasets, has low IWP values by
comparison and has particularly low values in the tropics.
MSPPS has the lowest IWP values of the datasets. This
dataset, based on passive microwave measurements has very
low values in regions outside the tropics, but tends to de-
tect IWP in deep convective clouds. MODIS and PATMOS-x
are closest to CloudSat, with MODIS being in better agree-
ment. PATMOS-x has a temporal range of 25 years com-
pared to MODIS approximately 10 years. Especially for the
model to observations comparisons, we attempted to remove
the precipitation bias in CloudSat. Using a ground precipita-
tion flag, we created the IWPnoPrecip dataset. ISCCP IWP is
notably in good agreement with this dataset. It is well docu-
mented that it is difficult to compare retrieved IWP to mod-
elled IWP. By utilising long term datasets such as PATMOS-
x and ISCCP, the climate model community has 25 years of

data with which to constrain their IWP distributions. We
compared the magnitude and distribution of modelled IWP
of a subset of models from the IPCC AR4 to observed IWP
distributions. Our results are consistent with John and Soden
(2006) and Waliser et al. (2009) that there are large discrep-
ancies between the climate models used in AR4. We showed
that all models appear to have problems modelling the spatial
distribution of IWP. This is especially true in tropical convec-
tive regions.
In future studies, we would like to enhance our un-

derstanding of the differences between the observational
datasets. This should be done on a pixel level on coinciden-
tal data, rather than using monthly means, or preferably us-
ing satellite simulators to better understand the observations.
We believe that utilising the long satellite datasets of IWP
and understanding how the datasets complement each other
is the key to constraining model IWP distributions. Future
satellite sensors that measure IWP more directly than current
sensors, such as the one proposed in Buehler et al. (2007),
would also be desirable.
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satellite-based radar and radiometer measurements – methodol-
ogy and usage examples, Atmos. Meas. Tech., 3(3), 693–708,
doi:10.5194/amt-3-693-2010, 2010.

Hong, G., Heygster, G., and Kunzi, K.: Intercomparison of deep
convective cloud fractions from passive infrared and microwave
radiance measurements, IEEE Geosci. R. S. Le., 2, 18–24, doi:
10.1109/LGRS.2004.838405, 2005.

Intergovernmental Panel on Climate Change: Fourth Assessment
Report: Climate Change 2007: The AR4 Synthesis Report,
Geneva: IPCC, 2007.

John, V. O. and Soden, B. J.: Does convectively-detrained cloud
ice enhance water vapor feedback?, Geophys. Res. Lett., 33,
L20701, doi:10.1029/2006GL027260, see corrections in John
and Soden, GRL, 33, L23701, doi:10.1029/2006GL028663,
(2006).

King, M. D., Tsay, S.-C., Platnick, S. E., Wang, M., and Liou,
K.-N.: Cloud retrieval algorithms for modis: Optical thickness,
effective particle radius, and thermodynamic phase, Tech. rep.,
MODIS Science Team, mODIS Algorithm Theoretical Basis
Document No. ATBD-MOD-05, 1997.

Mohapatra, G. N., Panda, U. S., and Mohanty, P. K.: Annual cy-
cle of surface meteorological and solar energy parameters over
orissa, Indian J. Radio Space, 36, 128–144, 2007.

Mohr, K. I. and Zipser, E. J.: Defining mesoscale convective sys-
tems by their 85-GHz ice-scattering signatures, Bull. Amer. Met.
Soc., 77(6), 1179–1189, 1996.

Ramanathan, V., Cess, R. D., Harrison, E. F., Minnis, P., Barkstrom,
B. R., Ahmad, E., and Hartmann, D.: Cloud-radiative forcing
and climate: Results from the earth radiation budget experiment,
Science, 243, 57–63, 1989.

Rossow, W. B. and Garder, L.: Selection of map grid for data anal-
ysis and archival, J. Clim. Appl. Mete., 23, 1253–1257, 1984.

Rossow, W. B. and Schiffer, R. A.: ISCCP cloud data products,
Bull. Amer. Met. Soc., 72, 2–20, 1991.

Stephens, G. L., Vane, D. G., Boain, R. J., Mace, G. G., Sassen,
K., Wang, Z., Illingworth, A. J., O’Connor, E. J., Rossow,
W. B., Durden, S. L., Miller, S. D., Austin, R. T., Benedetti,
A., Mitrescu, C., and the CloudSat Science Team: The cloudsat
mission and the A-train, Bull. Amer. Met. Soc., 83, 1771–1790,
2002.

Storelvmo, T., Kristjánsson, J. E., and Lohmann, U.: Aerosol in-
fluence on mixed-phase clouds in cam-oslo, J. Atmos. Sci., 65,
3214–3230, doi:10.1175/2008JAS2430.1, 2008.

Waliser, D. E., Li, J.-L. F., Woods, C. P., Austin, R. T., Bacmeister,
J., Chern, J., Genio, A. D., Jiang, J. H., Kuang, Z., Meng, H.,
Minnis, P., Platnick, S., Rossow, W. B., Stephens,G. L., Sun-
Mack, S., Tao, W.-K., Tompkins, A. M., Vane, D. G., Walker,
C., and Wu, D.: Cloud ice: A climate model challenge with signs
and expectations of progress, J. Geophys. Res., 114, D00A21,
doi:10.1029/2008JD010015, 2009.

Wu, D. L., Austin, R. T., Deng, M., Durden, S. L., Heymsfield,
A. J., Jiang, J. H., Lambert, A., Li, J.-L., Livesey, N. J., McFar-
quhar, G. M., Pittman, J. V., Stephens, G. L., Tanelli, S., Vane,
D. G., and Waliser, D. E.: Comparisons of global cloud ice from
MLS, CloudSat, and correlative data sets, J. Geophys. Res., 114,
D00A24, doi:10.1029/2008JD009946, 2009.

www.atmos-chem-phys.net/11/375/2011/ Atmos. Chem. Phys., 11, 375–391, 2011



98



Paper II

The representation of tropical
upper tropospheric water in EC

Earth V2

Authors:
M. S. Johnston, P. Eriksson, S. Eliasson, C. Jones, R. Forbes, D. P. Murtagh

Bibliography:
M. S. Johnston, P. Eriksson, S. Eliasson, C. Jones, R. Forbes, and D. P. Murtagh.
The representation of tropical upper tropospheric water in EC Earth V2. Climate
Dynamics, 39(11):2713–2731, 2012. doi: 10.1007/s00382-012-1511-0

99



100



The representation of tropical upper tropospheric water
in EC Earth V2

M. S. Johnston • P. Eriksson • S. Eliasson •

C. G. Jones • R. M. Forbes • D. P. Murtagh

Received: 10 December 2011 / Accepted: 26 August 2012

� Springer-Verlag 2012

Abstract Tropical upper tropospheric humidity, clouds,

and ice water content, as well as outgoing longwave radi-

ation (OLR), are evaluated in the climate model EC Earth

with the aid of satellite retrievals. The Atmospheric Infrared

Sounder and Microwave Limb Sounder together provide

good coverage of relative humidity. EC Earth’s relative

humidity is in fair agreement with these observations.

CloudSat and CALIPSO data are combined to provide

cloud fractions estimates throughout the altitude region

considered (500–100 hPa). EC Earth is found to overesti-

mate the degree of cloud cover above 200 hPa and under-

estimate it below. Precipitating and non-precipitating EC

Earth ice definitions are combined to form a complete ice

water content. EC Earth’s ice water content is below the

uncertainty range of CloudSat above 250 hPa, but can be

twice as high as CloudSat’s estimate in the melting layer.

CERES data show that the model underestimates the impact

of clouds on OLR, on average with about 9 W m-2.

Regionally, EC Earth’s outgoing longwave radiation can be

*20 W m-2 higher than the observation. A comparison to

ERA-Interim provides further perspectives on the model’s

performance. Limitations of the satellite observations are

emphasised and their uncertainties are, throughout, con-

sidered in the analysis. Evaluating multiple model variables

in parallel is a more ambitious approach than is customary.

Keywords Humidity � Clouds � IWC � Tropics � Climate �

Satellite

1 Introduction

EC Earth is currently a global climate model (GCM) that

will soon become an Earth system model (ESM). It is

developed by several national weather centres and research

institutes across Europe (Hazeleger et al. 2010, 2011) and

is a model built according to the ‘‘seamless prediction’’

strategy (Palmer et al. 2009). As such, EC Earth uses the

European Centre for Medium-Range Weather Forecasts

Integrated Forecast System (ECMWF IFS). IFS, which

includes a land and ocean component, is a well-studied and

proven Numerical Weather Prediction model that is also

used in seasonal predictions at ECMWF. This seasonal

prediction version of IFS provides the basis for EC Earth

but has been modified by the EC Earth developers.

The primary purpose of this study is to contribute to the

assessment of EC Earth by evaluating the model with
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respect to tropical upper tropospheric water (TUTW). This

concept encompasses several model variables, where rel-

ative humidity (RH), the layered cloud fraction, total high

cloud cover, and ice water content are assessed between

500 and 100 hPa. To put the model deficits in a climate

perspective, the top of the atmosphere thermal radiation,

commonly known as outgoing longwave radiation (OLR

which, henceforth, is understood to mean outgoing long-

wave radiation under ‘‘all-sky’’ conditions), is also added

to the list of variables. The representativeness of these

variables in EC Earth is investigated by comparison with

satellite retrievals. Average and seasonal values, as well as

the day-night variations, are considered.

The opportunity to evaluate models for TUTW has

never been better. The satellites of the Earth Observation

System, that form the so-called A-Train, are providing new

and improved information about the upper troposphere.

Humidity inside the troposphere is measured by the

Atmospheric Infrared Sounder (AIRS, Gettelman et al.

2006) and the Microwave Limb Sounder (MLS, Read et al.

2007). CloudSat provides cloud-penetrating reflectivity

values that allow for the study of the spatial distribution of

clouds and cloud properties such as ice water content

(Stephens et al. 2002). Cloud-Aerosol Lidar and Infrared

Pathfinder Satellite Observation (CALIPSO) offers a new

possibility of monitoring optically thin clouds (Winker

et al. 2007). CloudSat and CALIPSO, together, provide

new opportunities to do more in-depth studies of cirrus

clouds and provide datasets that allow for detailed com-

parisons with climate models (Chepfer et al. 2008, 2010).

This is important as older datasets that concern clouds and

cloud properties, such as the International Satellite Cloud

Climatology Project (ISCCP, Rossow and Schiffer 1991),

have been shown to underestimate the high cloud coverage

(e.g., Evan et al. 2007). These problems originate in the

inadequate spatial resolution and cloud penetrating capa-

bilities of traditional passive optical and infrared sensors.

Finally, the Cloud and Earth’s Radiant Energy System

(CERES) sensors provide a dataset that can be seen as the

standard today for the Earth’s radiation budget.

However, satellite retrievals have limitations and con-

siderable uncertainties, and a secondary aim of the study is

to investigate and highlight these aspects. For example, for

which conditions is it possible to make a direct comparison

between averages of model data and satellite retrievals?

What conclusions can be drawn when model and satellite

data differ in respect to definition or sampling of the

atmosphere? A general consideration in this context is the

cloud penetration capability. Optical and infrared sensors

are highly sensitive to the presence of clouds. The exact

impact of this strong cloud scattering depends on the target

of the observations, but consistently the atmosphere below

high clouds are poorly sampled by such techniques.

Microwaves are less sensitive to cloud scattering in gen-

eral, particularly to small ice particles, and this gives a

much more even sampling of the atmospheric volume. On

the other hand, this means that CloudSat tends to miss high

thin clouds, and for MLS, the limb sounding geometry

partly removes this advantage.

The structure of the paper is as follows: Sect. 2 discusses

the model and the variables evaluated. Section 3 introduces

the observations used. The direct results are presented and

discussed in Sect. 4 and a more overview discussion and a

summary are given in Sect. 5.

2 EC Earth

A general overview of the model is given by Hazeleger

et al. (2011). Technical information about IFS is given in

documentation for cycle 31r1 (http://www.ecmwf.int/research/

ifsdocs). Changes made to IFS during its implementation

into EC Earth are listed in the online documentation (http://

ecearth.knmi.nl). Only an overview of some pertinent

information such as configuration, variable description, as

well as modifications made to the model, is given in this

section. This study uses the atmospheric only configuration

of EC Earth, version 2, that is being used in the Atmo-

spheric Model Intercomparison Project (AMIP). AMIP is

supported by World Climate Research Programme Work-

ing Group on Numerical Experiments and focuses on

atmospheric models. AMIP is not meant for climate change

prediction.

2.1 Configuration

The standard model configuration uses a spectral resolution

of T159 (approximately 1.1� 9 1.1�) reduced Gaussian

grid. The vertical resolution is 62 non-evenly spaced, hybrid

levels extending up to about 5 hPa (approximately 37 km).

Due to the different horizontal resolutions of the model and

satellite datasets, both are re-sampled to a common 5� 9 5�
resolution. At this resolution, errors due to sampling are

reduced (e.g., Eliasson et al. 2011). In addition, since the

model output is every third hour, it is necessary to tempo-

rally interpolate the data to match the A-Train overpasses.

EC Earth uses prescribed monthly mean boundary

conditions, such as sea surface temperature (SST), sea ice,

and surface albedo. These are taken from the ERA-Interim

dataset (Dee et al. 2011) and are interpolated to give quasi-

daily values. The model was run for the period 200612–

200711 with a time step of one hour and the model state is

saved every third hour. This time period is chosen as it

coincides with many of the A-train datasets that starts

in 2006. The length of the analyses, one year, is enough

to assess such things as representativeness of TUTW
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(Meehl et al. 2007) and where the model performs poorly.

It is, however, not enough to assess climate features such as

the El Niño/La Niña-Southern Oscillation sea surface

temperature variability.

2.2 Relative humidity

EC Earth bases its RH on the ‘‘Teten’’ saturation vapour

pressure parametrization. For more details see the online

documentation for IFS cycle 31r1. The RH provided by

AIRS and MLS uses, however, the Groff-Gratch expres-

sion instead. In the mixed phase, the observations employ a

linear treatment of the saturation vapour pressure as a

function of temperature (Sect. 3). In the model, a quadratic

function is used. The involved expressions for saturation

pressure can differ, especially at temperatures below

200 K, by approximately 1–2 % (Murphy and Koop 2005).

Therefore, the RH from the model is not used in its original

form. Instead, RH is derived from the specific humidity in a

similar manner to the satellite data (Gettelman et al. 2006).

Supersaturation with respect to ice is allowed in EC

Earth in clear sky (Tompkins et al. 2007). When the

supersaturation reaches the ice nucleation limit, which is a

function of temperature and can reach 150 % (Kärcher and

Lohmann 2002), ice cloud is formed. Once ice is present,

the deposition process is considered to be sufficiently rapid

relative to the model time step that it can be approximated

by a diagnostic adjustment to exactly saturated conditions

inside the cloud. In partially cloudy grid boxes, therefore,

the cloudy fraction is assumed to be saturated with respect

to ice whereas the clear sky fraction is free to be subsat-

urated or supersaturated.

2.3 Cloud fraction and cirrus cloud cover

The model cloud fraction is the horizontal fraction of a

model grid box filled by clouds. In the vertical, clouds are

assumed to cover the grid box. A cloud overlap assumption

of maximum-random (Geleyn and Hollingsworth 1979) is

assumed for all cloud layers within the column. Cloud

layers, with no clear layers in between, are maximally

overlapped, whereas cloud layers separated by clear layers

are randomly overlapped. The high cloud cover diagnostic

is determined by applying the maximum-random assump-

tion to cloud layers above a pressure level of 45 % of the

surface pressure. This corresponds to about 440 hPa which

follows the ISCCP definition (Sect. 3.5).

2.4 Ice water content

There are three categories of ice water particles in

EC Earth, where separation into non-precipitating and

precipitating ice is determined by a critical mixing ratio

threshold. The first is cloud ice, expressed in units of

mg m-3, representing smaller ice particles with low sedi-

mentation speed. This category of ice is treated prognos-

tically and is used in the radiation calculations.

Precipitating ice represents larger, faster precipitating

particles that are generated by either (1) the large-scale

cloud microphysics scheme, denoted as LSPI, or (2) the

convection scheme, denoted as CPI. Both these latter cat-

egories are diagnostic variables calculated as vertical ice

fluxes (kg m-2 s-1) in the model and are not seen by the

radiation scheme.

The fluxes of ice in EC Earth are parametrized differ-

ently for large-scale and convective situations. The CPI

flux extracted from the model contains the effects of two

different velocities: one for generation of precipitation

strong enough to overcome updraught (Liu and Orville

1969) and another for sublimation (Kessler 1969). The

LSPI flux includes only a velocity for sublimation that is

the same as the one used for the CPI flux. No explicit fall

velocity is used for melting. Also, the model approximates

the sedimentation process for cloud ice using a constant fall

speed independent of mass and chosen to avoid numerical

discontinuities. The sedimentation rate for cloud ice is

modified for temperature and pressure following Heyms-

field and Iaquinta (2000) to account for increasing drag on

falling ice particles in denser air:

v ¼ vref
p

pref

� ��0:178 T

Tref

� ��0:394

; ð1Þ

where pref = 300 hPa, Tref = 233 K, and vref = 15 cm s-1.

CloudSat estimates the total ice water content, including

precipitating ice. Therefore, a model-retrieval comparison

of vertical ice water content profile requires the inclusion

of all model ice types. As such, the fluxes are converted to

ice water content using an assumed velocity for micro-

physical conversion rates such as sublimation. The con-

verted fluxes are then added to the cloud ice to as

IWC ¼
F

v

� �

LSPI

þ
F

v

� �

CPI

þCI; ð2Þ

where F and v are ice mass flux and fall speed, respec-

tively, CI represents cloud ice, and IWC, the total ice water

content. As discussed above, the precipitating ice fluxes in

the model fall with different fall speed assumptions and

undergo modifications due to phase changes where another

fall speed is applied. The speeds are not consistent with

each other and so, after the fluxes are extracted, some fall

speed assumption must be selected in order to convert them

to ice densities. In this study, a mass-independent fall speed

following Eq. 1 is used, with vref set to 1 ms-1 for both

LSPI and CPI.
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For some calculations the quantity ice water path (IWP)

is used and defined as

IWP ¼

Zz2

z1

IWCðzÞdz: ð3Þ

2.5 Outgoing longwave radiation

The radiation scheme in EC Earth uses the Rapid Radiation

Transfer Model (Mlawer et al. 1997). The scheme requires

information about the model’s atmospheric state. Variables

that affect the radiation calculation include cloud fraction,

cloud ice, atmospheric temperature, water vapour, aerosols,

greenhouse gases concentration. The model calculates

absorption and emissivity over a series of discrete spectral

intervals between 10 and 3,000 cm-1. First, thermal

emittance, or outgoing longwave radiation, with clouds

removed is calculated and defined as OLRCS. This is also a

pre-step to calculate the actual thermal emittance in the

presence of clouds (OLR). Both radiation fields are accu-

mulated in EC Earth and are therefore averaged over the

post-processing period (3 h). The direct effect of aerosols

on the climate is taken into account in EC Earth by cou-

pling climatological aerosol concentration fields to the

radiation scheme.

The spectral emissivity, and thus longwave radiative

properties, are a function of ice water path taken between

the cloud base and top. The emissivity is combined with

cloud fraction to form an effective cloud fraction to which

is added the effect of cloud overlap (Räisänen 1998). Ice

crystal effective radius, in lm, is set as

re ¼ 326:3þ Tcð12:42þ Tcð0:197þ Tc0:0012ÞÞ; ð4Þ

where Tc is the temperature in Celsius. In EC Earth re is

only allowed to vary between 30 and 60 lm. The longwave

optical depth, s in EC Earth is defined as

s ¼ 1:66ðaþ c=reÞIWP; ð5Þ

where a and c are spectrally dependent coefficients (Ebert

and Curry 1992). Finally, the emissivity is defined as

e ¼ 1� expð�sÞ: ð6Þ

2.6 Cloud and convection schemes

The fundamentals of the cloud scheme used in EC Earth

are described in Tiedtke (1993). The scheme has prognostic

variables for grid-box mean humidity, grid-box mean cloud

condensate and cloud fraction. Precipitating rain and snow

from the large-scale (stratiform) and convective cloud

parametrizations are diagnostic. Total cloud cover is

derived from the cloud fraction field and the maximum-

random overlap assumption in the vertical. The cloud

condensate variable is separated into cloud water and cloud

ice in the mixed phase (0 to -23 �C) by a quadratic

function of temperature.

Clouds are described by their their bulk properties such

as volume-averaged cloud water and cloud ice content, as

well as by total fractional area (Tiedtke 1993). Convection

provides detrained humidity, cloud condensate (liquid or

ice depending on temperature), and cloud fraction at levels

determined by the strength of the convection (shallow,

mid-level, or deep). In this way, the convective anvils have

a radiative impact and the detrained cloud condensate and

cloud fraction are treated by the large-scale microphysics

scheme. For both large-scale and convection cases, clouds

are formed when the grid-box mean RH exceeds a critical

threshold of 80 %, which implicitly assumes sub-grid

variability in the clear-sky humidity field.

3 Observations

The A-Train is a set of sun-synchronous satellites. A unique

feature of the A-Train is that all of the satellites observe

overlapping areas of the atmosphere, using different tech-

niques, and within a time period of twenty minutes. The

ascending node of the satellites is such that they cross the

equator around 13.30 (day) and descending around 01:30

(night), local time. In this study, measurements of RH are

provided by AIRS and MLS while cloud fraction and high

cloud coverage are taken from CloudSat and CALIPSO-

based dataset. CloudSat is also the source of ice water

content measurements. OLR data are obtained from the

CERES centred on the Aqua satellite. High cloud coverage

is also taken from the ISCCP D2 dataset. The satellites that

make up the ISCCP dataset is not part of the A-train, but

constitutes an important link to other satellite datasets.

3.1 Atmospheric infrared sounder

Information about the AIRS sensor and algorithms can be

found in, e.g., Gettelman et al. (2006). AIRS provides a

level 3 RH product derived from the temperature and water

vapour. This study uses monthly mean level 3 data from

the IR-AMSU version 5 AIRX3STMV5 dataset (Maddy

and Barnet 2008). In this study AIRS data are only used at

pressures C260 hPa (Liang et al. 2011). The horizontal

resolution at nadir is approximately 13.5 km. The vertical

resolution is highest near the surface at around 2.5 km and

decreases with height to around 4 km at 200 hPa. The

systematic retrieval uncertainty is assumed to be 15–25 %,

following the AIRS on-line documentation (http://mls.jpl.

nasa.gov/data/v3-3_data_ quality_document.pdf).

Specific humidity is converted to RH following the

Groff–Gratch formulation for saturation vapour pressure.

For temperatures below 253 K, the saturation pressure with
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respect to ice is applied, while above 273 K the one with

respect to water is taken. Between these two temperatures,

a transition is obtained by weighting, linearly, the two

saturation pressures (Gettelman et al. 2006). Furthermore,

AIRS retrieval algorithm only processes scenes where the

fractional cloud coverage is no greater than 70 % leading

to an under-sampling of cloudy scenes.

3.2 Microwave limb sounder

MLS is a limb sounding instrument measuring emission in

bands around 118, 190, 240, 640 and 2,250 GHz. The

sensor is described by Waters et al. (2006) and for a

description of the RH product see Read et al. (2007). MLS

measures atmospheric humidity at 190 GHz and tempera-

ture at 118 GHz. The conversion from specific to relative

humidity is the same as for AIRS. This study uses the daily

level 2 product from version 3.3 to create monthly means.

The vertical resolution for RH is 4–6 km, the along-track

resolution is 200–300 km and the cross-track resolution is

6–12 km. The data were screened following the guidelines

in the MLS on-line Data Quality and Description Docu-

ment (http: //disc.sci.gsfc.nasa.gov/AIRS/documentation).

The possible systematic error is said to be 20–35 %. The

MLS retrieval can produce data with high supersaturation.

After the standard data screening, all data having a value

above 119 % were set to this value. This affects about

1.6 % of the data globally, but at 200 hPa in the Tropics,

this number is higher and varies from season to season. In

addition, MLS also under-samples cloudy scenes, espe-

cially in regions of deep convection where scattering from

cloud ice severely affects the microwave emission (see

Liang et al. 2011, Fig. 1 plot d).

3.3 CloudSat

CloudSat is a cloud profiling radar with a horizontal res-

olution of approximately 2 km. This active sensor operates

at 94 GHz and measures the amount of back-scattered

signal as a function of distance from the sensor. The ver-

tical profile has 125 bins that are about 240 m thick and

each profile is produced every 1.1 km along the orbit. More

details are given in Stephens et al. (2002).

In this study, ice water content from the Cloud Water

Content Radar Only (2B-CWC-RO) dataset is used. This

dataset was selected as the retrieval is identical for both

day and night conditions. A detailed description of the

cloud water retrievals is given in Austin et al. (2009).

The 2B-CWC-RO retrievals use only radar reflectivity

values. There is no inherent way to determine the water

phase of the particles. In a first step, liquid and ice water

are retrieved separately. All clouds are treated as if they

consist either solely of water or ice particles, independently

of temperature. The final ice water content profile is set to

zero for temperatures above 0 �C, while for temperatures

below -20 �C the ‘‘ice-only’’ data are taken. Between

these temperatures, a linear transition, as a function of

temperature, is applied.

The ice water content retrieval assumes a log-normal ice

particle size distribution. This assumption constitute the

main retrieval uncertainty with an error estimated to 40 %

(Austin et al. 2009). In addition, errors stemming from the

fact that ice and water particles cannot be discriminated

contributes to the uncertainty.

So far, all CloudSat data products are provided on a per

profile basis and no cloud fraction estimates are given.

Seasonal cloud fraction is here derived by treating all bins

with a zero ice water content as cloud-free and non-zero ice

water content as cloudy bins. That is to say, the cloud

fraction is taken as the fraction of bins with ice water

content greater than zero at each level for each geograph-

ical area. High cloud coverage is derived in the same

manner, but taking into consideration if there is any ice

water content greater than zero for pressures below

440 hPa (following the ISCCP definition, Sect. 3.5)

3.4 CALIPSO

The CALIPSO lidar, which operates at wavelengths 532 and

1,064 nm, is able to detect very thin clouds with a visible

optical depth of 0.01 or less, and can discriminate between

spherical and non-spherical cloud particles (Winker et al.

2007). A dataset, called the GCM-oriented CALIPSO cloud

product, is specifically designed for the evaluation of clouds in

GCMs (Chepfer et al. 2010). This CALIPSO-based dataset is

created on geometric height levels from surface up to 19 km

but in this study they are converted to pressure levels. This is

done using theCOSPAR International ReferenceAtmosphere

(CIRA-86) climatology via a simple linear interpolation. The

dataset chosen for this study is the 2.5� 9 2.5� 3D cloud

fraction dataset designed for used with AMIP/CMIP5.

3.5 International Satellite Cloud Climatology Project

The International Satellite Cloud Climatology Project

(ISCCP) provides datasets made up of information from

geostationary and polar orbiting satellites. The data are

based on IR and/or visible (VIS) channels. The dataset

covers a long time period and gives information down to

30 km resolution and 3-h interval (Rossow and Schiffer

1999). This study uses the D2 dataset that comes on an

equal-area grid (Rossow and Garder 1984), with a hori-

zontal resolution of 2.5� 9 2.5�.
ISCCP defines high clouds as cloud top pressures less

than 440 hPa, from which the definition of high cloud

coverage follows. There are several ISCCP retrievals that
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include data from optical sensors but the IR-only retrieval

was selected for this study. This choice provides compa-

rable day and night data but is less sensitive and can

underestimate high cloud coverage by 10–20 pp compared

to high cloud coverage from IR ? VIS retrieval (Rossow

and Garder 1984). The ISCCP data are interpolated to the

match the A-Train passages such that the daily mean

becomes an average of these two times.

3.6 Cloud and Earth Radiant Energy System

A detailed description of the CERES sensor is given in

Wielicki et al. (1996) and its performance is discussed in

Loeb et al. (2009). This study uses the Single Scanner

Footprint top of the atmosphere (TOA)/Surface Fluxes

(SSF) and Clouds edition 2.5 (CERES Aqua SSF1deg-

lite_Ed2.5) monthly mean dataset, which is centred on the

A-Train EOS satellite Aqua (Loeb and Kato 2002). In

short, the SSF dataset consists of monthly means of Earth’s

thermal emittance under both average ‘‘clear-sky’’

(OLRCS) and cloudy conditions (OLR). These monthly

means are obtained by taking the mean of the two daily

measurements and assuming that atmospheric conditions in

between them remain constant. The uncertainty in the OLR

is primarily due to calibration errors (Loeb et al. 2009) and

is estimated to be approximately ±5 W m-2.

The uncertainty estimation for OLRCS is more compli-

cated because, in addition to errors in common with OLR,

there are remaining cloud effects. Sun et al. (2011) esti-

mate that about 50 % of the data classified as ‘‘clear’’ in the

CERES processing in fact have clouds in the footprint

(with optical thickness of \0.3). In addition, CERES

‘‘clear-sky’’ requires a cloud fraction of less than 0.1 %. If

this criteria is not met during a month, then a default value

is used. Also, this implies that the monthly mean OLRCS in

most cloudy regions could consists of just a few mea-

surements. A further complication is that models derive

OLRCS differently; it is calculated over all geographical

positions, with clouds removed (Sect. 2.5). This quantity

cannot be measured by a satellite, and the CERES OLRCS

can differ locally from model OLRCS by [10 W m-2

(Sohn et al. 2010). This error and remaining cloud effects

should mainly be of opposite sign and partly cancel each

other, but to obtain a relatively conservative estimate the

possible systematic error for OLRCS is set to ±7 W m-2.

The effect of clouds on the outgoing longwave radiation

is defined as

OLRCE ¼ OLRCS � OLR: ð7Þ

Any calibration error should be more or less common

between the two quantities, hence, cancel when taking the

difference, and CERES uncertainty for OLRCE is specu-

latively set to ±5 W m-2.

3.7 ERA-Interim

The ERA-Interim global reanalyses dataset, based on the

IFS cycle 31r2, is described in detail in Dee et al. (2011)

and the more technical documents can be found at

http://www.ecmwf.int. The basic configuration of the

dataset is a 0.7� 9 0.7� horizontal resolution and 60 ver-

tical levels extending to 0.1 hPa (T255L60). However, the

data was interpolated to 1.0� 9 1.0�. This study uses the 12
UTC analyses monthly mean of daily means and the 24 h

forecast from that model run. A major difference between

Era-Interim IFS version and EC Earth’s IFS version is the

convection scheme. EC Earth uses modifications to the

convection scheme from a later model version (IFS Cycle

32r3) described in Bechtold et al. (2008). Documentation

on the changes in IFS cycles is found at http://www.

ecmwf.int/products/data/operational_system.

4 Results

This study concerns the Tropics (30�S–30�N) where the

dominant weather is determined by the Hadley and Walker

circulations. Convection plays a vital role in this region and

occurs along the Inter-Tropical Convergence Zone (ITCZ)

and has a distinct seasonal cycle. Four seasons are exam-

ined: DJF, MAM, JJA, and SON (December to February

etc.). Specific examples are taken from JJA because this is

the season when convection is mostly land-based and

covers the important South Asian monsoon and also the

season with the largest differences between day and night

data. Total tropical averages and sub-regional averages are

reported. The sub-regions considered, henceforth referred

to as just regions, are illustrated in Fig. 1. These are trop-

ical warm pool (TWP), tropical convective land (TCL), and

tropical subsidence water (TSW).

The temporal sampling of the model data are done to be

coincident with the passages of the A-train satellites. For

simplicity the two samples are denoted as ‘‘day’’ and ‘‘night’’,

i.e., data corresponding to the passages around 13.30/01.30

local time. If nothing else is stated, reported values are

averages between corresponding day and night data.

4.1 Relative humidity

4.1.1 Assessment of observations

Figure 2 depicts the average AIRS and MLS vertical pro-

files for the TCL and TSW regions. A high number of

individual retrievals goes into each profile and the final

effect of random errors should be negligible. The assumed

systematic retrieval errors, defining the shaded areas in the

figures, are discussed in Sects. 3.1 and 3.2.

M. S. Johnston et al.

123



The AIRS profiles are, throughout this study, smooth

and slightly increasing with altitude as expected from a

maximum of convection detrainment around 200 hPa and

above (Folkins et al. 2002). There is a notable minimum in

the profile between 400 and 500 hPa, and although MLS

does not extend below 316 hPa, there is a tendency also

towards lower values. In the TSW region the two obser-

vations remain well within the uncertainty zone of each

other. This is not the case in the TCL region where the

effect of cloud screening on AIRS retrievals is large.

The average MLS profiles are much less smooth than

AIRS, most significantly, there is consistently local mini-

mum in the averaged MLS profiles at the 147 and 261 hPa

levels. These ‘‘kinks’’ in the data appear regardless of

region or the presence of cloud. This indicates that these

features might very well be be retrieval artefacts. MLS has

its maximum RH at 200 hPa.

Figure 3 shows the horizontal distribution at two pres-

sure levels for JJA season. There is significant variation of

the horizontal distributions between the seasons, but AIRS

and MLS give, at their respective levels throughout the

Tropics, closely matching geographical patterns, such as

the position of regions of convection and subsidence, as

well as the gradients in between such areas. The absolute

RH levels differ, with the largest discrepancies found

where AIRS is most affected by clouds, i.e., in convective

regions.

The MLS averages at 200 hPa along the ITCZ show

extensive areas of supersaturation, mainly found inside the

TWP region. Whether MLS averages reach supersatura-

tion, or not, depends strongly on the data filtering. For

example, fewer averages above 100 % were reported by

Ekström et al. (2008) using a somewhat different filtering

was applied. AIRS minimum RH can generally be found

between 400 and 500 hPa.

For the TCL region (Fig. 2), the observations show

mainly higher RH during night. Below 200 hPa, MLS and

AIRS are in good agreement, except for the JJA season

where MLS shows up to 20 pp (percentage points) higher

RH during daytime. The latter could possibly be indicating

in-cloud moisture from mid-level convection which would

be missed by AIRS. Around 150 hPa, MLS gives consis-

tency a higher day-night difference. Liu and Zipser (2009),

using an earlier version of MLS, found up to 20 pp higher

Fig. 1 Selected regions of interest, following Eliasson et al. (2011).

Black areas of subsidence denoted as tropical subsidence water

(TSW). Blue Tropical Warm Pool (TWP) consisting of mixed land

and water. Red tropical convective land areas (TCL). Profile values

for these regions in subsequent figures are area-weighted means and

across multiple regions for TCL and TSW regions

(a) (b)

Fig. 2 Seasonal vertical profiles of RH for the a TCL and b TSW

regions. Blue EC Earth, Red MLS, and Green AIRS. The light and
dark shaded areas indicate the systematic errors of AIRS and MLS

retrievals, respectively (see text for details). In each season and

region, the left side shows the mean profiles, while the right side
depicts day-night differences in RH (if positive, day value higher)
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RH at night over the TCL region near the tropopause over

similar regions. In the TSW region, the day-night differ-

ence is basically zero according to AIRS, while MLS gives

values up to 5 pp with a sign varying both with season and

altitude.

RH differences between the observations are partly due

to variations in the respective temperature profiles. In order

to quantify this influence, a brief examination was con-

ducted. Where the two sensors overlap, the mean temper-

ature profiles are found to be within 1 K of each other, with

MLS normally being the slightly cooler of the two. For the

day-night differences, the deviation is even less. In the

upper troposphere, a 1 kK change in the temperature

results in *10 % change in the saturation vapour pressure.

In summary, the AIRS RH profiles remain consistently

below MLS in strong convective zones such as TCL and

TWP (not shown). However, in the relatively convective-

free region, TSW, the two measurements converge. This is

mostly due to the effects of clouds on both sensors. In

general, the differences between the AIRS and MLS, where

they overlap, are 10–30 pp for the TCL region. Across the

entire tropical region (not shown) this difference reduces to

about 5–10 pp.

4.1.2 Comparison between model and observations

Referring to Figs. 2 and 3, both with respect to averages

and spatial patterns, the agreement of EC Earth with MLS

is particularly good around 200 hPa. The MLS averages

greater than 100 % must be interpreted carefully as they

are heavily influenced by how one filters the data. Never-

theless, areas with supersaturation seen in the MLS data are

also reflected in the model but to a much lesser extent.

Areas of MLS supersaturation occur with a frequency of

about 2–3 % with a maximum during JJA. For EC Earth

supersaturation is seen only during the JJA season and less

than 1 % of the time. The salient features of the ITCZ and

its branches are consistent between the model and obser-

vations. Accordingly, seasonal variability and areas of RH

maximum and minimum are also well collocated with

regions with frequent clouds and areas of subsidence in EC

Earth.

Regionally, the model’s mean temperature profiles agree

well with AIRS and are within 0.1 K of each other. For

MLS, the model tends to be slightly warmer except near

100 hPa. Deviations between MLS and the model are

approximately 2 K.

At lower altitudes the agreement between the model’s

RH and AIRS is poorer. In convective areas, EC Earth is

considerably drier, reflecting narrower bands of convection

in the ITCZ than is seen in the observations. The ITCZ is

best captured for the JJA season, while for other seasons

some branches of the ITCZ is not seen at this level in the

model but is present in the observation (not shown). This

gives considerably stronger vertical gradients in the RH

profile for such regions. In the TSW region, the model is

slightly drier than AIRS with the exception of the DJF

season.

The day-night differences in EC Earth for TCL above

200 hPa show a tendency towards higher RH at night,

generally around 2 pp. Similar findings were made by

Eriksson et al. (2010) for EC Earth, as well as ERA-

Interim, and two other GCMs, that concluded that the

diurnal cycle of RH in TCL is both underestimated and out

of phase compared to observations. Below 200 hPa, there

is a much stronger nocturnal signal in the model of up to

10 pp. This agrees with AIRS down to about 350 hPa, but

below this level AIRS turns towards a zero difference. For

the TSW region, there virtually no change in the EC Earth

RH between day and night, consistent with AIRS.

4.2 Cloud fraction

4.2.1 Assessment of observations

There is no single satellite that measures the total layered

cloud fraction. So, similar to the previous section, this

study uses two satellites to provide a more complete cloud

(a) (b)

Fig. 3 Horizontal distribution of RH at a 200 hPa and b 400 hPa for the JJA. The panels are from top down: EC Earth, AIRS and MLS
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fraction profile in the upper troposphere. CALIPSO’s short

wavelength makes it sensitive to the sum of geometrical

cross-section of particles. This translates to a high sensi-

tivity to small particles. The disadvantage is that the lidar

attenuates relatively quickly causing it to miss layers at

lower levels. For CloudSat the intensity of the backscatter

is rather proportional to the sixth power of the particle

diameter. Therefore, clouds consisting of very small par-

ticles are often missed but CloudSat is able to penetrate

thick clouds. Attenuation of the radar signal is associated

only with strong precipitation normally found at altitude

below 500 hPa.

Consequently, these sensors detect different, but over-

lapping, portions of the clouds (see, e.g., Delanoë and

Hogan 2010 for examples on parallel observations of the

two instruments). For higher altitudes, the CALIPSO cloud

product give the highest cloud fraction. At lower altitudes,

CloudSat reports higher cloud fraction values, and is a

better representation, as the CALIPSO sensor is frequently

obscured by cloud layers at higher altitudes. These aspects

give also completely different patterns for day-night cloud

fraction differences.

The layered cloud fraction vertical profile is illustrated

in Fig. 4 while horizontal cloud fraction distributions are

shown in Fig. 5. The cloud fraction profiles of CloudSat

and CALIPSO intersect, in general, around 200 hPa. The

two instruments give also similar cloud fraction spatial

patterns along the ITCZ and the TWP region, for 200 hPa,

though outside these regions, the CALIPSO gives a higher

cloud fraction. For altitudes lower than 250 hPa, CloudSat

consistently reports higher cloud fraction. The difference

between the observations is often greatest above 200 hPa,

sometimes by 10 pp or more. Below, differences can range

from a few percentage points in TSW region to 10 pp in

other regions. The maximum cloud fraction is consistently

found between 200 and 150 hPa which in turn has its

maximum (*50 %) over the TWP region (not shown)

during the JJA season.

Both the CALIPSO and CloudSat cloud fraction are

derived in a conservative manner: avoiding false cloud

detections due to noise. That this has been achieved in

practice is confirmed by the fact that large areas in, e.g.,

Fig. 5 are classified as basically cloud free for both sensors

as well as agreeing with climatology. For this reason, no

uncertainty is assigned to the cloud fraction profiles.

The shaded area in Fig. 4 is instead an indication of the

possible range of a cloud fraction defined following the

detection threshold of CALIPSO dataset. The lower limit at

each altitude is set by taking the maximum value between

the two sensors, while the upper limit is the sum of the two

individual cloud fraction estimates. The true cloud fraction

should be above the lower limits, but could also be above

the upper limits. If the latter is the case then the missing

cloud fraction comes from clouds at lower altitudes that are

below the detection limit of CloudSat and obscured for

CALIPSO by higher cloud layers.

The CALIPSO sensor is known to be more sensitive to

clouds at night but this has been compensated for in the

dataset used to the point where any remaining bias is

considered negligible for comparison with GCMs (Nazar-

yan et al. 2008; Chepfer et al. 2010). Over the TCL region,

both sensors report higher cloud fraction (2–5 pp) at night

below 200 hPa. Above this level CloudSat hints at a higher

cloud fraction during the day or no difference at all.

Figure 6 shows the distribution of high cloud coverage

for JJA where the A-Train data have been processed to

match ISCCP’s definition. ISCCP shows throughout lower

values than the other two observation datasets. The low

bias compared to CloudSat is consistent with earlier reports

on that the ISCCP dataset underestimates high cloud cov-

erage (e.g., Eliasson et al. 2011). The high cloud coverage

mean for the Tropics for JJA is around 35 % for CALIPSO

dataset, 22 % for CloudSat, and 13 % for ISCCP.

4.2.2 Comparison between model and observations

The assessment of clouds between observations and models

must begin with the problem of when do both define a

cloud. In the model the effect of clouds on longwave

radiation is basically determined by the cloud ice (Eqs. 3,

5). The model grid boxes between 200 and 150 hPa were

examined for the smallest cloud ice occurring with a sig-

nificant frequency. This cloud ice value was multiplied

with a typical layer thickness at the same altitude range,

and minimum cloud ice water path of around 0.1 g m-2

was obtained. This value was converted to a visible optical

depth, sv, following Heymsfield et al. (2003):

sv ¼ 0:065ðIWPÞ0:84; ð8Þ

giving a threshold of about sv = 0.01. The corresponding

value for the CALIPSO dataset is 0.03–0.05 (Chepfer et al.

2010). Sub-visible clouds are normally defined as having a

VOD of less than 0.03 (Wang et al. 1996). That is, EC

Earth includes, to some extent, clouds that are not covered

by CALIPSO and can be classified as sub-visible. How-

ever, this exercise showed also that the fraction of such

sub-visual clouds in EC Earth is marginal (the relative

fraction of corresponding cloud ice values is low).

The EC Earth cloud fraction shows different character-

istics above and below *200 hPa (Fig. 4). Above this

level and for all seasons, besides JJA, EC Earth’s cloud

fraction is above the combined CloudSat and CALIPSO

estimates. In fact it is quite often twice the cloud fraction

reported by the CALIPSO dataset. The only case of

underestimation is JJA in the TSW region, but only up to

about 150 hPa. The higher cloud fraction in EC Earth noted

Tropical upper tropospheric water in EC Earth V2

123



here is not explained by the difference in detection

threshold compared to CALIPSO dataset, and the conclu-

sion is that EC Earth is too ‘‘cloudy’’ above 200 hPa.

Below 200 hPa, the tendency is opposite. CloudSat’s

cloud fraction is derived by assuming that any pixel with

ice water content above zeros is considered cloudy, which

means a cloud fraction that includes precipitation.

Assuming that precipitation corresponds to radar reflec-

tivities above 0 dBz, this gives a cloud fraction overesti-

mation of *5 pp according to Liu et al. (2008, Fig. 4). On

the other hand, the CloudSat data used are truncated at

*1 mg m-3, even though the actual sensitivity is better

(Protat et al. 2010), which results in a decrease of the cloud

fraction reported here. Anyhow, the difference between EC

Earth and CloudSat below 250 hPa can be at least partly

explained by the fact that precipitation is not included in

the EC Earth cloud fraction, but is present in the CloudSat

estimate. Also, the EC Earth cloud fraction here can even

be below the CALIPSO cloud fraction. That is, the EC

Earth cloud fraction is too low in the lower part of the

altitude region considered.

The TCL region in Fig. 4 shows predominantly more

clouds at night. While observations and the model all agree

below 200 hPa, above this level CloudSat reverses the sign.

This deviation between CALIPSO and CloudSat cloud

fraction can be understood by considering the different

(a) (b)

Fig. 4 Seasonal cloud fraction profiles for a TCL and b TSW regions

defined in Fig. 1. Blue EC Earth, red CALIPSO cloud product, and

greenCloudSat. For each season and region, the plots on the left depicts

mean profiles, while on the right are the day-night differences in cloud
fraction (if positive, day value higher). Shaded area a representation of
the uncertainty in the observations. See text for details

(a) (b)

Fig. 5 Cloud fraction at a 200 hpa and b 400 hPa for the JJA season. Top panel EC Earth, middle CALIPSO, and bottom CloudSat
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sensitivity of the instruments, in combination with studies

such as Soden (2000), Yang and Slingo (2001), Tian et al.

(2004), showing that the evolution of anvil clouds lag the

peak of the convection by several hours. The convection in

the TCL areas peaks during the afternoon (Eriksson et al.

2010). In the TSW region, Fig. 4, all differences are less

than 2 pp.

4.3 Ice water content

4.3.1 Assessment of observations

Seasonal mean vertical distributions of ice water content

for regions TCL and TSW are shown in Fig. 7. For this

variable no second data source is included. Comparisons to

the only other satellites reporting ice water content are

found in Wu et al. (2009, MLS) and Eriksson et al. (2008,

Odin-SMR). However, ice water content from Odin-SMR

and MLS cover only the upper troposphere (above

200 hPa) which means they have limited overlap with

CloudSat. Protat et al. (2010) compared CloudSat 2B-

CWC-RO ice water content retrievals with ground-based

radar-lidar retrievals over Darwin Australia from 2006 to

2009. Their results show that CloudSat produces ice water

content in too narrow a range and tends to overestimate ice

water content below 10–11 km by a factor of 2, but is in

good agreement above 11 km. CloudSat’s sensitivity to

precipitation has been established in previous studies such

as Waliser et al. (2009).

The shape of the CloudSat mean profiles is fairly con-

sistent over the TCL and TWP (not shown) regions. The

mean ice water content at 200 hPa for all regions ranges

from 2 over the TSW region to 16 mg m-3 over the TWP

region. The largest ice water content occur over the TWP

region with a maximum mean in the vertical of

*30 mg m-3. The point of maximum ice water content is

generally found at *400 hPa with a clear fall off in ice

water content below regardless of region.

Figure 8 illustrates the JJA mean horizontal distribution

of CloudSat’s ice water content (bottom panels) for the

Tropics. At 200 hPa CloudSat reports multiple areas of

high ice water content (*40 mg m-3) that are both over

land and water. The distribution follows the pattern of the

ITCZ and is most extensive in the west Pacific and across

southeast Asia. Going from 200 to 400 hPa there is a clear

increase in ice water content. This is most striking for the

southern part of the Tropics and could be an indication of

mid-level convection outside the ITCZ.

The day-night difference (Fig. 7) shows a higher day-

time ice water content (*5 mg m-3), in the TCL region,

above 300 hPa but below this is reversed. Over the TWP

region (not shown) there is clearly higher nocturnal ice

water content of similar magnitude with a peak between

200 and 300 hPa.

Fig. 6 High cloud coverage for

JJA season. Top-down EC

Earth, CALIPSO, CloudSat, and

ISCCP
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4.3.2 Comparison between model and observations

Since CloudSat is most sensitive to the largest ice particles,

adding the model’s precipitating ice is vital for a repre-

sentative comparison. This negates the need to try and

separate CloudSat ice water content in a similar manner.

The representation of the model ice is shown in Fig. 9 with

regards to its horizontal distribution. As before, this is

examined at 200 and 400 hPa during JJA. The highest

concentrations, at both levels, are seen in the western

Pacific, Indonesia, and around the Indian subcontinent.

These areas of high values are co-located with the ITCZ.

At 200 hPa LSPI is nearly absent and cloud ice is clearly

the largest component and the most widespread. There is

also a notable cloud ice concentration in the TWP region.

At 400 hPa there is a clear increase in CPI from 200 hPa

and highly concentrated in convective cores along the

ITCZ. LSPI shows a eightfold increase in the TWP but

only a threefold increase along the ITCZ. Cloud ice,

however, shows only a marginal increase.

Vertical ice water content profiles are given in Fig. 7.

The mean profiles of cloud ice and LSPI are significantly

lower than CloudSat’s ice water content. The CPI profiles

generally increase sharply below 300 hPa. EC Earth con-

sistently has its maximum ice water content below 500 hPa

while CloudSat places its area of highest ice water content

above that.

Figure 8 illustrates the horizontal distribution of ice

water content in the model. As mentioned in the above

paragraph, the cloud ice dominates the model ice at

200 hPa (Fig. 9), so adding the precipitating ice results in a

moderate increase, from 30 to 40 % of CloudSat mean ice

water content. A significant difference at this level is the

occurrence of numerous areas of high ice water content in

CloudSat distributed along the ITCZ. This is not seen in

EC Earth. At 400 hPa the ice water content in the model is

(a) (b)

Fig. 7 Ice water content vertical profile for TCL region during JJA.

Green CloudSat, blue (solid) EC Earth ice water content, blue
(dashed) EC Earth cloud ice. Red (dashed) LSPI, red (solid) CPI. On

the left are the mean profiles and on the right day-night difference.
The shaded area is the CloudSat uncertainty of 40 %. a TCL region,

b TSW region

(a) (b)

Fig. 8 Horizontal distribution of ice water content at a 200 hPa and b 400 hPa for JJA. Top panel EC Earth ice water content. Bottom panel
CloudSat ice water content
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significantly greater than CloudSat but agrees more with

regards to the distribution of high ice water content values

long the ITCZ.

From Fig. 9, it is clear that it is CPI that is the largest

component in the ice water content in EC Earth below

200 hPa. A combination of LSPI and cloud ice, or cloud

ice alone, results in poorer ice water content distribution

along the ITCZ compared to CloudSat in Fig. 8. Between

200 and 400 hPa cloud ice amounts to about 10–30 % of

the total ice reported by CloudSat. Adding the precipitating

ice to the cloud ice increased this to close to 40–50 %.

Close to 500 hPa the model ice water content is often twice

as much as CloudSat. In all cases examined, the convective

signature contributes the largest portion to the total ice

water content.

Changes in ice water content between day and night differ

between the model and CloudSat (Fig. 7). There is a large

daytime signature in the CPI for the TCL region, and LSPI

and cloud ice follow this with a lower magnitude. CloudSat

shows the same sign above 300 hPa, but gives higher night

time values below. This vertical change in CloudSat day-

night difference tends to be a feature unique to the TCL

region. In the TWP region (not shown) both model and

observation show more ice at night by about 3–5 mg m-3.

4.3.3 Sensitivity to fall speed

In the model, ice water content at each level is greatly

influenced by the fall speed parametrizations as they are

used in calculating sedimentation rate cloud ice and for

converting the precipitation fluxes to ice water densities for

some of the large-scale and convective precipitating ice

microphysical processes. Several fall speeds have been

considered when converting the model ice fluxes to ice

densities using Eq. 2. They are: (1) a mass-dependent fall

speed for the CPI (see Eq. 5.39 in the IFS documentation:

http://www.ecmwf.int/research/ifsdocs/CY31r1), (2) amass-

independent fall speed using Eq. 1, and (3) a constant fall

speed of 1 m s-1 across the entire domain.

The effect of changing the parametrized fall speeds is

most notable below 300 hPa (no figures shown). Using the

mass-dependent fall speed produces unrealistically high ice

water content with values well above 60 mg m-3. Apply-

ing the remaining mass-independent fall speeds only

results in scaling the ice water content profile without

changing the overall shape. This study uses the mass-

independent fall speed with a reference speed of 1 m s-1

because it produces a reasonable representation of the

model’s IWC vertical profile.

4.4 Comparison with ERA-Interim

Figure 10 depicts a two-year, tropical monthly-mean time-

series comparison between EC Earth and ERA-Interim.

The Era-Interim 12 UTC analyses, the subsequent 24 h

forecast, and the EC Earth state at 12 UTC. With the

exception of ice water path, OLR, and high cloud coverage,

all other variables represent conditions at 200 hPa. IWP in

this section is calculated excluding precipitating ice. The

time series covers the period 2006–2007. This is a devia-

tion from the rest of the datasets in this study and is

motivated by the simple need for a longer time series.

EC Earth takes its initial and surface boundary condi-

tions from ERA-interim, but despite this coupling, signi-

ficant differences can be seen. The impact of the initial

conditions appears to disappear inside a week or less as the

(a) (b)

Fig. 9 Horizontal distribution of ice in EC Earth at a 200 hPa and b 400 hPa during JJA. Top panel cloud ice, middle panel LSPI, and bottom
panel CPI
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differences for the first month do not stand out in any way.

In all cases where the difference between EC Earth and

ERA-Interim has a constant sign, the 24 h forecast goes in

the direction of EC Earth. This is also expected as similar

IFS versions are used. While the shift in the 24 h forecast

can be seen as an indication of the minimum effect

assimilation of observations has on the TUTW variables in

Era-Interim, assimilation is likely not the only cause to the

differences seen in Fig. 10. Changes in model physics are

likely involved. In fact, the differences are consistent with

what is believed to be the most influential change for this

study. This is the modified convection entrainment

parametrization, that increases the sensitivity of convection

in the model to moisture and, hence, should generate more

cloud ice and clouds in the tropical upper troposphere

(Bechtold et al. 2008).

Table 1 shows the average differences for each variable.

In EC Earth the temperature is colder by approximately

0.5 K, the RH is higher by 4 pp, the cloud fraction by 7 pp,

and the high cloud coverage by *7 pp. A clear anti-cor-

relation between T and RH/cloud fraction can be seen in

Fig. 10. The EC Earth OLR is on average 2 W m-2 lower

than ERA-Interim, but the deviation is, for some periods,

close to zero. The OLR difference follows largely the

pattern for T and RH, but cannot be completely explained

by those variables. In summary, IFS (as a model) has a

tendency towards a cooler and more cloudy tropical upper

atmosphere compared to the constraints given by the data

assimilated by ERA-Interim, and this results in a decreased

OLR.

4.5 Outgoing longwave radiation

The model’s OLRs are sampled to match the CERES SSF

observation which is a 24 h mean based on the two A-Train

overpasses. Since the daily mean longwave radiation

budget in the Tropics is sensitive to the diurnal cycle of

convection, deviations from the true daily mean will occur.

It should be noted that CERES OLRCS can include

remaining effects of clouds and how it is measured deviates

from how the model calculates its OLRCS (Sect. 3.6). The

latter aspect makes this not a true ‘‘like-with-like’’ com-

parison, the assumption here is that the large uncertainty

estimate applied should cover for these systematic

differences.

Fig. 10 Time-series of monthly means from 2006 to 2007 in the

Tropics at 12 UTC. Temperature (T), specific humidity (SH), RH,

cloud fraction, and cloud ice are taken at 200 hPa. High cloud

coverage is the total high cloud cover. Ice water path (see text) and

OLR are vertically integrated variables. Blue EC Earth, green ERA-

Interim analyses, and red Era-Interim 24 h forecast from the 12 UTC

analyses. The ERA-Interim archive does not include OLR and ice

water path in the analyses

Table 1 Average difference between EC Earth and Era-Interim for

the tropics for the variables in Fig. 10

Variable Difference Units

Temperature (T) -0.5 (K)

Specific humidity (SH) 1.3 (mg kg-1)

RH 3.9 (%)

Cloud fraction (CF) 7.2 (%)

High cloud coverage (HCC) 6.8 (%)

Cloud ice (CI) 0.7 (mg m-3)

Ice water path (IWP) 4.4 (g m-2)

Outgoing longwave radiation (OLR) -2.0 (W m-2)
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4.5.1 Assessment of observations

Table 2 shows seasonal and regional statistics of the mean

CERES OLR, OLRCS, and OLRCE. The geographical dis-

tribution is shown in Fig. 11 for JJA season. Seasonal

changes in the mean outgoing longwave radiation across

the Tropics varies about *2 W m-2. Regionally, such

changes are largest (17 W m-2) over the TCL region. For

OLRCS seasonal changes are small, *3 W m-2, both

regionally and for the entire Tropics. Over the Sahara

desert, in about 0.3 % of the dataset, OLR is frequently

greater than OLRCS. To remove such systematic effects,

above rounding errors, no data where OLR is more than

2 W m-2 above the OLRCS are included in the calculation

of OLRCE. The effects of clouds on CERES OLR is

*30 W m-2 across the Tropics but can be as high as

59 W m-2 in the TWP region.

4.5.2 Comparison between model and observations

Table 2, far right column, shows the difference, CERES-

EC Earth. The geographical distribution of these differ-

ences is illustrated in Fig. 11. For the Tropics, the annual

OLR average is on the positive limit of the CERES

uncertainty. While the model agrees fairly well with the

general horizontal distribution of CERES OLR, there are

major regional differences, exceeding ±20 W m-2. Simi-

lar horizontal distributions are found for other seasons (not

shown) as well. Over TCL region there is generally higher

OLR in the model but in various smaller areas over water

there are equally large negative bias. Desert areas, such as

Australia and parts of the Sahara, show a small negative

bias. The TSW region is the only region with both positive

and negative seasonal means.

OLRCS is generally lower in the model but, throughout,

the seasonal means are within the uncertainty of CERES.

In Fig. 11 there are some similarities between

DOLR andDOLRCS, except, e.g., over the TWP region

where the two differences have opposite sign.

The DOLRCE panel illustrates a mainly negative bias in

EC Earth and, with the exception of single value, is also what

Table 2 shows. Both CERES and EC Earth show the most

intense OLRCE in the TWP region but differ in magnitude.

The TCL region is the most clear example on systematic

underestimation of OLRCE. TWP contains, for JJA, a pecu-

liar region of large positive bias in the middle of negative

biases.

5 Discussion and summary

Comparison of climate models with observations is

important, both to understand the present performance and

to guide their development. Space-based instruments are the

only viable data source for assessments on an overall level.

However, a comparison between satellite and model data

are far from straightforward and to highlight such issues,

from a general perspective, is an objective of this study.

A first limitation of satellite measurements is that spatial

and temporal coverage are not complete. Some aspects are

handled easily, such as to sample the model data at the

local time of the satellite overpasses. The availability of

satellite data depends, though, on the atmospheric state, for

example, the amount of cloud coverage will severely affect

Table 2 Seasonal and regional

values for OLR (normal font),

OLRCS (bold font), and OLRCE

(italic font), in W m-2

Third column from the left:

CERES data and far right

column: difference between EC

Earth and CERES. The

uncertainties for CERES OLRs

are given in parenthesis

Region Season OLR statistics

CERES ± (5 7 5) EC Earth - CERES

Tropics DJF 259 291 32 2 27 -9

MAM 260 291 31 5 25 -9

JJA 260 289 29 3 24 -7

SON 258 290 32 6 24 -10

TCL DJF 231 282 51 14 26 -19

MAM 232 281 49 8 25 -13

JJA 242 282 40 23 0 -23

SON 225 279 54 11 24 -14

TWP DJF 232 287 54 14 22 -15

MAM 236 288 51 11 24 -14

JJA 225 283 58 3 26 -9

SON 225 285 60 15 24 -19

TSW DJF 272 293 21 2 24 -6

MAM 282 297 15 -8 26 2

JJA 286 298 11 5 0 -4

SON 280 295 15 6 21 -7
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AIRS retrieval algorithm or saturate the CALIPSO signal

very quickly. When these problems have been overcome,

the next step is to judge the significance level of the dif-

ference between model and observational data. This

question can be surprisingly difficult, as retrieval uncer-

tainties are not reported in a consistent manner. For

example, no direct error budget for the CERES OLR data

was found. For this study we provide random and sys-

tematic error estimates, where possible.

A-train satellites are used here. A first advantage of a

satellite constellation is that complementary datasets can be

obtained for several variables, decreasing the impact of

some problems discussed above. Further, this made it

possible to practically incorporate a relatively detailed

comparison of four variables, while most earlier studies

have considered the variables in isolation. This step for-

ward should help to identify the source to model short-

comings. Some discussion in this direction is found below,

but is primarily left for future work.

The comparison with ERA-Interim is not completely

consistent with the idea of ‘‘seamless prediction’’, as not

exactly the same IFS is used in EC Earth, but helped to

illustrate some of the tendencies of the IFS model. The

observations assimilated by ERA-Interim give relatively

weak constrains for the part of the atmosphere of concern,

and the comparison is of lower value for establishing

model biases, potentially with the exception for tempera-

ture where EC Earth was found to be on the cold side.

EC Earth’s RH is mainly consistent with the observa-

tions, but the measurements have still large error margins.

For example, there is a clear difference between mean RH

of EC Earth and ERA-Interim at 200 hPa (Fig. 10), but the

satellite sensors cannot provide guidance on evaluating this

deviation. The most clear systematic deviations were found

in convective active regions (Fig. 2). In these regions EC

Earth’s day-night differences appear too low around

150 hPa, and EC Earth underestimates RH at 400–500 hPa,

with a too strong vertical RH gradient above as a result.

The assessment of cloud variables must consider mea-

surement sensitivity and model definitions. EC Earth was

estimated to cover clouds somewhat below the detection

threshold in CALIPSO (set by the sensor’s daytime sensi-

tivity). However, it was judged that this explained only a

marginal part of the large difference to cloud fraction around

150 hPa (Fig. 4), and EC Earth was classified as being too

‘‘cloudy’’ above 200 hPa. The combination of Figs. 2 and 10

shows that ERA-Interim has an average cloud fraction

similar to the CALIPSO datset at 200 hPa, while EC Earth

cloud fraction is up to 100 % higher. A clear correlation

between the EC Earth-ERA differences in RH and cloud

fraction was noted (Sect. 4.4), and as the formation of clouds

in EC Earth operates with a RH threshold (Sect. 2.6), it

seems likely that the too high cloud fraction above 200 hPa

originates, at least partly, by the increased RH.

Below 250 hPa, the situation is reversed. The EC Earth

cloud fraction is here much lower than the best observa-

tions, even considering the difference in how precipitation

is classified as ‘‘cloudy’’ (CloudSat) or not (EC Earth). This

is again consistent with findings for RH. In fact, both the

RH and cloud fraction profiles in EC Earth have their

minima around 400 hPa, again indicating the strong cou-

pling between the two variables in EC Earth. A plausible

explanation to these features is that EC Earth underesti-

mates the amount of convection detrainment in this altitude

region, around the ITCZ. The fact that EC Earth’s RH and

cloud fraction at 400 hPa match the observations much

better at the most south latitudes in Figs. 3 and 5, i.e., the

latitudes furthest away from ITCZ, can be an indication on

the mid-level transport of moisture is better handled at

extra-tropical latitudes.

EC Earth, as with most models, makes a distinction

between ‘‘cloud’’ and ‘‘precipitating’’ ice, where precipitating

(a) (b)

Fig. 11 a CERES. Top panel OLR, middle panel OLRCS, bottom panel OLRCE. b Difference (EC Earth -CERES) of OLR. Top panel OLR,
middle panel OLRCS, bottom panel OLRCE
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ice is treated as a flux and lacking a clearly defined ice mass.

While CloudSat’s ice water content is an estimate of the

complete icemass, the precipitating ice icemass is estimated

by assuming a fall speed (Eq. 1 with vref = 1 m s-1).

However, EC Earth uses, internally, several, partly incon-

sistent, fall speeds. Different parameterisations are tested for

the conversion (not shown) from flux to ice water content.

Though this gives a large uncertainty for EC Earth’s ice

water content, it does not affect the main conclusions

(Fig. 7): (1) EC Earth underestimates the ice water content

above 250 hPa. (2) Precipitating ice generated by convection

causes an overestimation of icewater content below 400 hPa.

Chen et al. (2011) approached this problem from the

other direction. They partitioned the CloudSat ice water

content, based on the particle size distribution (PSD)

applied in the retrieval and assuming that cloud ice/pre-

cipitating ice corresponds to particles below/above some

specified size, Dc. Only their results from latitudes

inside ±30� are discussed here. They consistently find the

highest cloud ice between 300 and 200 hPa, but the cloud

ice vertical profile is strongly affected by the value of Dc.

The study reports data from the IFS version of ERA-

Interim, and indicates a good agreement for Dc = 150 lm.

The higher cloud ice in EC Earth (Sect. 4.4) would require

a higher Dc for a similar fit. If the commonly suggested

value of Dc = 100 lm is applied, both ERA-interim and

EC Earth overestimates the cloud ice, particularly at alti-

tudes below 300 hPa. However, these results can only be

taken as indicative, as they rely on that the PSD used in the

CloudSat retrievals is the best possible.

The tropical average OLR of EC Earth is inside the error

margins of the observations (Table 2), but this is achieved

by a balance between negative and positive errors

(Fig. 11). The two main terms are a low bias in clear-sky

OLR and a general underestimation of the impact of clouds

on OLR (OLRCE). There are clear regional patterns in the

error for OLRCE but these are likely to originate in part

from similar patterns in the ‘‘clear-sky bias’’ of CERES

OLRCS (see Fig. 3 in Sohn et al. (2010)).

The tropical average OLRCE is 9 W m-2 lower in EC

Earth than for CERES. As pointed out by Waliser et al.

(2011), the negligence of precipitating ice in the radiation

calculations, as done in EC Earth, affects the OLRCE sig-

nificantly. However, as Waliser et al (2011) estimated, the

maximum regional impact is about 10 W m-2, this does

not explain the complete underestimation of OLRCE in EC

Earth.

The solution to the underestimation of EC Earth’s

OLRCE is not just to increase the tropical average cloud ice,

due to the non-linearity between cloud ice water path and

emissivity (Eqs. 5, 6). That is, neither average ice water

content, cloud fraction, nor the product between the two

variables, are linearly proportional to average OLRCE. For

example, the areas where EC Earth overestimates OLRCE

(Fig. 11), do not stand out particularly in the fields of cloud

ice (Fig. 9). Accordingly, any attempts to improve the

OLRCE in EC Earth should consider the ice water content

probability distribution function, not just the average cloud

fraction and ice water content, as is done here.

The comparison with ERA-Interim is worth considering

also in this context. The OLR is found to be 2 W m-2

lower in EC Earth (Table 1). Already the lower tempera-

ture explains a part of the decrease in OLR. For tropical

clear-sky conditions and a constant absolute humidity, a

0.5 K colder troposphere decreases the OLR with about

0.7 W m-2 (Buehler et al. 2006, Fig. 6). The average

tropical OLRCE in EC Earth is 22 W m-2. That is, the EC

Earth OLRCE seems to deviate from ERA-Interim with less

than 10 %, which is a surprisingly low number considering

the increases of about 20, 70 and 100 % for high cloud

coverage, cloud fraction and cloud ice, respectively. The

reason for this behaviour is not investigated, such as, if the

extra cloudiness in EC Earth occurs primarily at very low

and high ice water content, but this apparent ‘‘robustness’’

in OLRCE is important to understand before confident

cloud feedback estimates can be provided.
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(2008) Use of CALIPSO lidar observations to evaluate the

Tropical upper tropospheric water in EC Earth V2

123



cloudiness simulated by a climate model. Geophys Res Lett

35(15):L15,704. doi: 10.1029/2008GL034207

Chepfer H, Bony S, Winker D, Cesana G, Dufresne JL, Minnis P,

Stubenrauch CJ, Zeng S (2010) The GCM oriented calipso cloud

product CALIPSO-GOCCP. J Geophys Res 115:D00H16. doi:

10.1029/2009JD012251

Dee DP, Uppala SM, Simmons AJ, Berrisford P, Poli P, Kobayashi S,

Andrae U, Balmaseda MA, Balsamo G, Bauer P, Bechtold P,

Beljaars ACM, van de Berg L, Bidlot J, Bormann N, Delsol C,

Dragani R, Fuentes M, Geer AJ, Haimberger L, Healy SB,

Hersbach H, Hólm EV, Isaksen L, Kållberg P, Köhler M,
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Abstract.
There remains large disagreement between Ice Water Path (IWP) in observational datasets,

largely because the sensors observe different parts of the ice particle size distribution.
A detailed comparison of retrieved IWP from satellite observations in the Tropics (±30 ° lat-
itude) in 2007 is made using collocated measurements. The DARDAR IWP dataset, based
on combined Radar/Lidar measurements, is used as a reference as it provides arguably
the best estimate of the total column IWP. For each dataset, usable IWP dynamic ranges
are inferred from this comparison. IWP retrievals based on solar reflectance measure-
ments, MODIS, and AVHRR-based CMSAF, and PATMOS-x, were found to be corre-
lated with DARDAR over a large IWP range (∼ 20-7000 gm−2). The random errors of
the collocated datasets have a close to log-normal distribution, and the combined ran-
dom error of MODIS and DARDAR is less than a factor of 2, which also sets the up-
per limit for MODIS alone. In the same way the upper limit for the random error of all
considered datasets is determined. Datasets based on passive microwave measurements,
MSPPS, MiRS, and CMO, are largely correlated with DARDAR for IWP values larger
than approximately 700 gm−2. The combined uncertainty between these datasets and
DARDAR in this range is slightly less MODIS-DARDAR, but the systematic bias is nearly
an order of magnitude.

1. Introduction

Clouds have a dominant effect on the radiation entering
and leaving the atmosphere [Hartmann et al., 1992]. Better
understanding of the impact of ice clouds on the radiation
budget and the hydrological cycle is paramount to improv-
ing climate models [e.g., Stephens et al., 1990]. Climate
models are the most important tools for understanding long
term atmospheric processes and simulating climate scenar-
ios. However, fundamental ice cloud properties such as IWP
are difficult to accurately measure, making them poorly con-
strained. This leads to large differences of globally aver-
aged IWP between models [Waliser et al., 2009]. Depend-
ing on their, e.g., microphysical properties, ice clouds may
either cool or warm the atmosphere. The average radiative
impact of all ice clouds is thought to be a net cooling ef-
fect, although semi-transparent ice clouds, which may cover
large areas, have a mostly warming effect on the atmosphere
[Khvorostyanov and Sassen, 2002].

In-situ techniques employed on aircraft and balloon cam-
paigns provide the most detailed measurements of Ice Wa-
ter Content (IWC), which, integrated by height, becomes
IWP. However, the global coverage of such campaigns is very
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sparse and limited. Ice cloud retrievals based on satellite
measurements are, on the other hand, abundant. They pro-
vide macrophysical information on ice clouds such as their
temporal variation and their spatial distribution, and are
the most important source of validation of clouds in climate
models. However, the uncertainties in satellite ice cloud re-
trievals are still considerable, depending on the cloud char-
acteristics and the instrument sensitivities (e.g., [Zhao and
Weng , 2002; Cooper et al., 2003; Austin et al., 2009])

IWP [gm−2] is one of the most important ice cloud prop-
erties [Buehler et al., 2007, 2012, and references therein].
Previous studies have shown that the climate models show
a very large spread in their reported cloud ice amounts
[Waliser et al., 2009; John and Soden, 2006; Wyant et al.,
2006; Eliasson et al., 2011]. However, the models are in
good agreement with observations in terms of one of the
most fundamental quantities, Top of Atmosphere (TOA)
net radiative flux [Smith et al., 1994]. This implies that
the models may be adjusting poorly constrained parame-
ters, such as clouds, to achieve the correct TOA radiative
flux, thus leading to unrealistic cloud characteristics in the
models [Stephens et al., 2002; Li et al., 2012]

Atmospheric column integrated quantities, such as IWP,
can be retrieved from radiances from passive down-looking
sensors. Retrievals from passive sensors use two or more
channels at microwave (MW), infra-red (IR), near-infra-red
(NIR), or visible (VIS) wavelengths [e.g., Heymsfield et al.,
2003]. Since June 2006, measurements from active instru-
ments, a Cloud Profiling Radar (CPR) on the CloudSat
satellite, and a Cloud-Aerosol Lidar with Orthogonal Polar-
isation (CALIOP) on the Cloud-Aerosol Lidar and Infrared
Pathfinder Satellite Observation (CALIPSO) satellite, have
greatly increased our knowledge of ice clouds [Heymsfield
et al., 2008]. These instruments measure detailed infor-
mation on the vertical structure of clouds and can detect
multi-layered clouds. This can, for example, provide valu-
able information on how the radiation is distributed in the
atmospheric column, as it depends strongly on the vertical

1
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structure of clouds [LEcuyer et al., 2008; Mace and Benson,
2008].

In earlier studies [Waliser et al., 2009; Eliasson et al.,
2011], a subset of climate models in the 4th Assessment
Report (AR4) of the Intergovernmental Panel on Climate
Change (IPCC) were inter-compared and compared to ob-
servational datasets. The models were in large disagreement
on IWP (cloud ice). Not only were there large differences
in magnitude, their spatial distribution were in poor agree-
ment as well. The observational datasets were in good spa-
tial agreement, but the differences in IWP magnitude was as
large as the intra-model difference. This was also expected
mainly since the observational datasets were based on mea-
surements that, firstly, are made at different wavelengths,
hence sensitive to different parts of the particle size distri-
bution (PSD) [Comstock et al., 2007; Waliser et al., 2009],
and secondly, have different resolutions.

Retrievals from passive instruments (nadir viewing) are
much more limited in terms of information on the vertical
structure of clouds, and most have a much coarser mea-
surement resolution (footprint). Despite their limitations,
records from passive instruments cover 10 (MODIS) to 30
years (AVHHR, TOVS-ATOVS), meaning that only these
records can be used for actual climate studies. Data from
CloudSat and CALIPSO are limited to approximately six
years (at the time of writing) and are therefore more suit-
able for process studies. Further, since passive instruments
also have large swath widths, passive instruments provide a
much better spatial coverage than active instruments which
only measure at nadir. These advantages motivate the inclu-
sion of passive instrument retrievals in this study. However,
passive instruments only provide IWP and therefore vertical
information from active instruments goes unused.

In practice, the longer the wavelength of the measure-
ments, the deeper into a cloud one can measure, but this is
at the cost of losing sensitivity to small particles, which are
generally present at the top of the ice clouds. Therefore, ice
cloud retrievals based on, for example, passive microwave
measurements can be made in deep clouds, but generally
not in shallow clouds which are mostly made up of small ice
particles. In other words, microwave retrievals are only sen-
sitive to the precipitation sized ice particles (>∼0.25mm)
in the IWP total column [Zhao and Weng , 2002]. Also, al-
though CloudSat CPR measurements can be used to retrieve
information deep into most clouds, it is insensitive to small
particles. CALIOP on the other hand is even sensitive to
very small ice particles. Since the satellites are always in
close proximity to one another, CALIOP can be comple-
mentary to CPR. CALIOP by itself is limited for retrieving
IWP since the measurements are attenuated for moderately
thick clouds [e.g., Delanoë and Hogan, 2010]. In summary,
satellite retrievals based on a single measurement technique
can not measure the whole depth of the ice cloud, which
would be desirable from a climate model perspective.

The models participating in the upcoming 5th Assess-
ment Report (AR5) have undergone some improvements in
terms of cloud amount and distribution, but there still re-
mains large differences in IWP [Jiang et al., 2012]. A similar
study by Li et al. [2012] reports that climate models do not
perform particularly well despite generally simulating cloud
ice better in CMIP5 than they did in CMIP3 (included in
AR4). This is an added incentive to further improve the
understanding of IWP.

This article can be seen as continuation of the work pre-
sented in Eliasson et al. [2011] and Waliser et al. [2009].
It builds on their findings, but evaluates the discrepancies
in the retrieval schemes rather than of averaged products.
The latter, called Level 3 monthly mean (L3), are repre-
sentations which have already undergone a conversion from
Level 2 (L2) to L3, which, since different approaches and
filters are applied, can contribute significantly to the dif-
ferences between datasets. For instance, one important de-
cision is the scan angle and solar zenith angle cut-offs one

applies when creating the L3 dataset, since there might be
a quality/bias dependencies of the IWP retrievals on these
angles. The decision made in each of these approaches signif-
icantly alters the L3 product. Thus, this new study will once
again survey satellite observed IWP, but instead of compar-
ing monthly mean values, collocated measurements are com-
pared directly. By doing so, the same “cloud” is measured
from different instruments, without the added complexity of
different L2 to L3 conversions. This is not a validation study
of any particular dataset. The IWP retrievals assessed here,
being from different sensors, are inherently different and dif-
ficult to compare in the rigorous manner a validation study
requires [e.g Stein et al., 2011; Zhang et al., 2009].

As reference for the satellite IWP datasets the
raDAR/liDAR (DARDAR) dataset, which is based on
CALIOP and CPR, is chosen [Delanoë and Hogan, 2010].
Datasets compared to this reference are from active sensors,
two products from CloudSat’s L2 Radar only dataset (called
2B-CWC-RO), here called Radar Only (RO) and Ice Only
Radar Only (IORO) [Austin et al., 2009], and from pas-
sive sensors; three datasets retrieved from solar reflectivities
in the VIS and NIR spectral regions (MODerate resolution
Imaging Spectroradiometer (MODIS) [King et al., 2003],
Advanced Very High Resolution Radiometer (AVHRR) Cli-
mate Monitoring Satellite Applications Facility (CMSAF)
[Roebeling et al., 2006], and Pathfinder Atmospheres- Ex-
tended (PATMOS-x) [Walther and Heidinger , 2012]), and
three datasets which are based on MW channels (Microwave
Surface and Precipitation Products System (MSPPS) [Fer-
raro et al., 2005], Microwave Integrated Retrieval System
(MiRS) [Boukabara et al., 2011], and Collocated Microwave
Only (CMO) Holl et al. [2010]). An overview of all the
datasets used in this study is given in Tab 1.

Due to the combination of Radar and Lidar, DARDAR
has a very large IWP value range that covers the range of all
IWP datasets in this study. Except for DARDAR, it is as-
sumed that each dataset contributes information for certain
IWP value ranges. These IWP retrievals from different tech-
niques are compared “out of the box”. We do not attempt to
make the best possible comparisons between datasets such as
by limiting comparisons to optical depths that both datasets
are sensitive to, as done in Stein et al. [2011] for DARDAR
and MODIS. Instead we acknowledge that all retrieval tech-
niques have their merits and limitations and compare them
as they are, restricted only by the collocation rules described
in Sect. 3.

In this article, IWP measurements are compared at the
smallest possible temporal and spatial scales by stringently
collocating measurements using a flexible collocations tool-
box based on work first described in Holl et al. [2010] and
later expanded in John et al. [2012]. The main aim is to
quantify which measurement techniques work for which IWP
value ranges,and to separate the systematic and random er-
rors of the collocated datasets. The datasets are described
in more detail in Sect. 2. The collocation and comparison
methodologies, including the systematic and random errors,
are described in Sect. 3. In Sect. 4, first the uncertainty of
DARDAR IWP is investigated before identifying the valid
IWP ranges of the collocated datasets and finding their sys-
tematic and random errors. Section 5 gives a recollection
and states our main conclusions.

2. Description of Datasets

The datasets chosen for this study cover a wide range
of measurement and retrieval techniques that are used to
determine IWP. They are expected to report varying IWP
magnitudes since they are sensitive to different ice particle



ELIASSON ET AL.: SYSTEMATIC AND RANDOM ERRORS OF COLLOCATED IWP X - 3

sizes and shapes, and therefore generally sensitive to dif-
ferent altitudes of the cloud. The datasets are based on
instruments found on satellites flying in or near the Af-
ternoon train (A-train) [Stephens et al., 2002], so that a
large number of collocated measurements can be found. For
datasets that rely on visible reflectance measurements, only
data from the daytime exist. Common to all datasets are
the large uncertainties due to the assumptions on cloud mi-
crophysical properties that must be made in order to com-
plete the cloud retrieval. Although these assumptions are
best guesses mostly based on knowledge gained from in situ
campaigns, many cloud properties such as particle habit,
are very variable [e.g., Heymsfield and McFarquahar , 2002].
Several studies [e.g., Zhang et al., 2009] have shown that dif-
ferent, but widely accepted assumptions on the microphysi-
cal properties of ice particles lead to very large deviations in
the retrieved IWP. Additionally, the uncertainty due to the
cloud particle phase, as the distinction between liquid and
ice clouds has a significant impact on the retrieved IWP, as
described below.

2.1. IWP from active instruments

Three datasets in this comparison originate from active
measurements and are all based on CPR measurements from
the CloudSat satellite.
2.1.1. DARDAR

The DARDAR dataset is based on a combination of CPR,
CALIOP, and MODIS measurements [Delanoë and Hogan,
2010]. By combining these techniques using the variational
method described therein, DARDAR utilises the very dif-
ferent particle size sensitivities of Radar and Lidar mea-
surements. The retrieval is seamless and works as long as
at least one of CPR or CALIOP detects a cloud. If the
cloud is detected by both instruments the cloud proper-
ties are retrieved using both measurements. Delanoë and
Hogan [2010] showed that this combined retrieval approach
is less sensitive to changes to assumed microphysical prop-
erties than retrievals based on CPR or CALIOP alone. The
footprint size is the same as CPR since the CALIOP mea-
surements are averaged horizontally in the CPR footprint.
Further details on the retrieval technique is given in De-
lanoë and Hogan [2008], and a comparison of the DARDAR
ice cloud retrieval algorithms was performed in Stein et al.
[2011]. The specific product used in this study is called
DARDAR-cloud and is derived from CPR and CALIOP
only.

DARDAR was chosen as the reference dataset as it cur-
rently provides the best estimate of the total column IWP.
It is expected to cover a larger IWP range than any other
dataset assessed here. For details on the uncertainty associ-
ated with DARDAR IWP see Sect. 4.1.
2.1.2. CPR (RO and IORO)

The CloudSat satellite carries a CPR that measures at
94GHz [Stephens et al., 2002]. Measurements are made at a
vertical resolution of 250m and the measurement footprint
size is about 1.4 km× 3.5 km, with the long axis along the
satellite flight path. CloudSat is less sensitive to small ice
particles than Lidar, but is not saturated unless the clouds
are very thick and there is heavy precipitation.

One of the two CloudSat products assessed in the study
allows IWC and Liquid Water Content (LWC) to coexist be-
tween −20 ◦C to 0 ◦C (but only the IWC part is included in
the integration), and in this study this dataset is called RO
(field name: RO ice water path) [Austin et al., 2009]. RO
was also the reference dataset in Eliasson et al. [2011].

CloudSat also provides a combined Radar and visible op-
tical depth (RVOD) product with presumably better con-
strained retrievals. However, Protat et al. [2010] state
that RO and RVOD are statistically virtually identical, and

therefore only the RO dataset is used here. The uncertainty
of IWC retrievals using simulated CPR was determined to
be about 40% [Austin et al., 2009]. If this were the only un-
certainties in the retrieval, 40% would be the upper limit of
the uncertainty for a column integrated RO IWP product.
For RO dataset, there is a substantial additional uncertainty
due to the assumed cloud phase. A linear combination of
IWC and LWC is used between the temperature range 0 ◦C
to −20 ◦C, where the fractional ice phase increases from 0
to 1 (LWP: 1 to 0). Devasthale and Thomas [2012] showed
that other realistic ice to liquid phase relationships in this
temperature range lead to very different IWP retrievals.

The other CloudSat product used in this study does not
attempt to separate IWP and Liquid Water Path (LWP)
and instead reports the whole column in the above tem-
perature range as IWP; we have called this product IORO
(field name: IO RO ice water path). As mentioned, the
IORO dataset does not suffer from cloud phase uncertain-
ties caused by the above rigid approach, but by assuming
the whole layer only contains ice, the IWP is overestimated.
The a priori temperature information that both datasets
rely on is model auxiliary data from European Centre for
Medium-range Weather Forecasting (ECMWF). Further un-
certainties for both datasets are inherited from the a priori
input used in the retrieval [Austin et al., 2009].

2.2. IWP from solar reflectances

The datasets in this section are derived from solar re-
flectance and share the same retrieval technique. This
method is called solar reflectance bi-spectral (SRBS) and
is described in Nakajima and King [1990]. The method uses
passive measurements of reflected solar radiation to retrieve
visible cloud optical depth (τv) and r̄e simultaneously, where
r̄e is the mean effective radius. The solar reflectance of the
nearly non-absorbing wavelengths is used to retrieve τv, and
moderately absorbing solar reflectance measurements is used
to retrieve r̄e. This is done in conjunction with a lookup ta-
ble of simulated reflectances.

In SRBS retrievals, assumptions have to be made about
the horizonal and vertical structure of the cloud, i.e.,
constant IWC and constant particle effective radius (re)
throughout the cloud [Stein et al., 2011, and references
therein]. These assumptions lead to uncertainties, since
inhomogeneities in the vertical structure of clouds have a
strong influence on the retrieved cloud properties [Zhang
et al., 2010]. Also, the retrieved r̄e is biased towards the top
of the thick clouds, since only the top four or five optical
depths contribute to the reflectance in the moderately ab-
sorbing channel [McFarquhar and Heymsfield , 1998]. As the
smallest ice particles are generally at the top of the cloud,
this may give rise to systematic errors by underestimating
r̄e for thick clouds.

Nonetheless, from the retrieved τv and r̄e, IWP can be
derived using the following relationship:

IWP =
4τv r̄eρice

3Qe
(1)

where ρice is the density of ice and Qe is the average ex-
tinction efficiency for ice at a wavelength of 0.66 μm (Qe ≈ 2)
[e.g., Meyer et al., 2006]. We have used ρice = 930 kgm−3,
since this is the value used in the MODIS retrievals [King
et al., 2006].
2.2.1. MODIS

The MODIS cloud retrieval products are based on day-
time measurements from 36 channels in the VIS, NIR and
IR spectral ranges from the MODIS instrument on board
two polar-orbiting satellites, Terra and Aqua. However,
only a subset of 4 channels are used to ultimately retrieve
IWP, namely either channel 1 (0.645 μm), 2 (0.858 μm), or 5
(1.24 μm), depending on the underlying surface, and channel
7 (2.13 μm) [King et al., 1997]. The look up table used in
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the MODIS retrieval algorithm is based on the ice particle
model by Baum et al. [2005] (Baum05).

The MODIS L3 monthly mean IWP dataset (called
MYD08 M3) was assessed in Eliasson et al. [2011]. This
article assesses the L2 dataset (called MYD06 L2) col-
lection 005 [King et al., 2003], which is only from
the Aqua satellite. The IWP is extracted using the
fields cloud water path, Cloud Phase Optical Properties and
Quality Assurance 1km. The resulting IWP dataset is
a 1 km× 1 km pixel (footprint) product, and therefore
is of a similar size as the DARDAR retrieved foot-
print. MODIS data used in this study is described
in documentation available through the MODIS website
http://modis-atmos.gsfc.nasa.gov/.
2.2.2. AVHRR PATMOS-x

PATMOS-x IWP is derived from the from the PAT-
MOS Daytime Cloud Optical Microphysical Properties
(DCOMP), based on passive measurements in the VIS and
NIR spectral ranges from AVHRR Global Area Coverage
(GAC) data [Walther and Heidinger , 2012]. The lookup
table is based on Baum05. GAC data are a reduced reso-
lution dataset based on AVHRR. Four adjacent footprints
in every scan are averaged together then the next three
scan lines are skipped. The AVHRR instrument is installed
on the polar orbiting Polar- orbiting Operational Environ-
mental Satellites (POES) from National Oceanic and Atmo-
spheric Administration (NOAA). In this study, the Level 2b
(L2b) cloud parameter product (version 5), is further sam-
pled onto a 0.1° × 0.1° grid. The gridded data points are
treated as “pseudo footprints” that are largest at the equa-
tor (roughly 10 km× 10 km), shrinking laterally towards the
poles. The product does not contain an IWP product, but
contains τv and re. Therefore IWP is extracted using Eq. 1
from these quantities from cloud types considered ice phase
(called opaque ice, cirrus, overlapping, and overshooting in
this dataset, but called slightly differently in Walther and
Heidinger [2012]).

PATMOS-x has only two solar reflectance channels for the
τv and re retrievals: channels 1 (0.6 μm) and 3b (3.7 μm).
The PATMOS-x L3 IWP dataset (version 4) was assessed
in Eliasson et al. [2011]. In this study, the L2b dataset
based on measurements from NOAA-18 (N18), which flies
close to the A-train, hence the PATMOS-x measurements
are often collocated with DARDAR. The PATMOS-x data
used in this study are described and made available at
http://cimss.ssec.wisc.edu/patmosx/.
2.2.3. AVHRR CMSAF

CMSAF IWP retrieval data are based on the Cloud
Physical Properties (CPP) algorithm developed at Konin-
klijk Nederlands Meteorologisch Instituut (KNMI) [Roebel-
ing et al., 2006], which is used to retrieve cloud thermody-
namic phase, cloud optical thickness, cloud particle effective
radius, and liquid/ice water path from AVHRR GAC data.
Therefore the CMSAF cloud products have a “pseudo foot-
print” of about 4 km× 1 km. The CPP scheme, based on the
SRBS method, uses look-up tables of water and ice cloud re-
flectance simulated by the Doubling Adding KNMI (DAK)
radiative transfer model [Stammes, 2001]. Whilst MODIS
and PATMOS-x both use the Baum05 ice particle model, for
CMSAF IWP, ice particles as given in Hess et al. [1998] were
used. Cloud properties are retrieved by iteratively match-
ing observed and simulated reflectance. The IWP is derived
using Eq. 1 for all cloudy pixels, which were identified using
the Polar Platform System (PPS) cloud processing package
developed by Swedish Meteorological and Hydrological In-
stitute (SMHI) [Dybbroe et al., 2005a, b], and which were
diagnosed to contain ice clouds (internally done in CPP). It
also needs to be noted, that the AVHRR reflectances are re-
calibrated following Heidinger et al. [2010]. As PATMOS-x,

CMSAF IWP retrievals are based on the 3.7 μm channel of
AVHRR. The availability of different NIR channels might
significantly affect the IWP retrieval, due to different pen-
etration depth of, for example, 3.7 μm and 1.6 μm. This
might explain some of the differences seen between MODIS
and the AVHRR datasets later in this article.

2.3. IWP from passive microwave

Retrieving IWP from passive microwave sensors is analo-
gous to retrieving the IWP of the particles with a radius
between ∼ 250 μm to 1500 μm. These are precipitation-
sized particles, which should be considered when compar-
ing to other datasets that have sensitivity to small parti-
cles. In general, comparisons of microwave datasets where
DARDAR IWP is relatively low will not be made, since
such ’clouds’ are likely made up of small particles which are
beyond the sensitivity of passive microwave measurements.
The three datasets used in this study use measurements from
the Microwave Humidity Sounder (MHS) instrument, which
has a footprint diameter of around 15 km at nadir on the
ground.
2.3.1. MSPPS

MSPPS provides a dataset of IWP derived from the ra-
tio of the amount of radiation at 89GHz and 150GHz that
is scattered out of the line of sight by large ice particles
[Ferraro et al., 2005]. These two frequencies are measured
by MHS channels 1 and 2. The particle induced scatter-
ing intensifies with increasing frequency and is detected as a
depression in brightness temperature [Vivekanandan et al.,
1991]. Assumptions are made on the PSD and bulk volume
density, and accurate knowledge on the surface temperature
and its emissivity must be available [Zhao and Weng , 2002].
As described therein, errors in assumptions can lead to large
errors in the IWP retrieval.
2.3.2. MiRS

MiRS is a 1DVAR-based satellite data retrieval system
that uses microwave observations for the retrievals of several
atmospheric and surface geophysical parameters simultane-
ously, amongst them IWP [Boukabara et al., 2011]. Like
MSPPS, MiRS is based on MHS sensor observations, but
the MiRS retrievals are additionally constrained by mea-
surements from the Advanced Microwave Sounding Unit
(AMSU)-A. Since AMSU-A has a nadir footprint of 48 km,
the MHS measurements made inside the larger footprint
are averaged, so the footprint of MiRS is that of AMSU-A.
MiRS is described in detail in Boukabara et al. [2011]. The
MiRS version used in this study provides an IWP product
called Graupel Water Path (GWP), which indicates by name
alone that only precipitating sized particles are retrieved. In
MiRS, the IWP product is used as a predictor for the esti-
mation of rainfall rate intensities in mmh−1. As described
in Iturbide-Sanchez et al. [2011] the validation/assessment
of the MiRS rainfall rate is an indirect method to assess the
quality of the retrieved MiRS hydrometeors, including the
IWP.
2.3.3. CMO

CMO is a dataset based on a technique first introduced
in Holl et al. [2010]. It is currently under development and
will be described in detail in a paper that is in progress.
High-frequency measurements from MHS channels 3 to 5 lo-
cated at (183± 1)GHz, (183± 3)GHz and 190GHz, which
are traditionally used for water vapour retrievals, forms
the basis of this dataset. This sets it apart from the
other microwave-based datasets, which use lower frequen-
cies. Therefore, the CMO dataset should be able to detect
smaller ice particles and retrieve smalle IWP, a hypothesis
that can be tested by including it in the present study.

Artificial Neural Networks are used for the retrieval of
IWP are used rather than the depression of brightness tem-
perature directly. The training database is obtained by
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collocating CloudSat with NOAA-18 MHS, using the col-
location toolbox described in Holl et al. [2010] and later in
Sect. 3 here. Holl et al. [2010] showed that the MHS chan-
nels 3 to 5 are not sensitive to clouds with less RO IWP than
100 gm−1, and the dataset is planned to include radiances
from IR measurements to potentially increase sensitivity to
lower IWP values. However, this study uses CMO version
0.4 that does not yet include infrared radiances.

3. Methodology

In order to compare simultaneous measurements of the
same cloud situation using several instruments, the measure-
ments need to be stringently collocated in time and space.
To find such collocated measurements we have used the col-
location toolbox, a highly flexible toolkit that allows for easy
collocation between different datasets, first presented in Holl
et al. [2010]. The software, some pre-calculated collocated
datasets, and detailed documentation can be accessed at
http://www.sat.ltu.se/docs/data/collocations. The
toolbox has been used in several studies and continues to be
developed further [John et al., 2011, 2012, submitted 2012].

One very important consideration to take into account
when collocating measurements that use different techniques
is their different horizontal resolutions given by their “foot-
prints”. Fig. 1 illustrates footprint sizes for the instruments
that the datasets in the present study are based on. Tech-
nically, in order to collocate datasets, usually the one with
the smallest footprints (secondary) is collocated to the other
(primary). All the small footprint measurements from the
secondary dataset that are close enough to the centre of a
larger footprint from the primary dataset are found and are
considered collocated. The user defines what “close enough”
means in space and time in the presets (see below). Each
collocated dataset contains informations such as distances,
number of secondary measurements, and the statistics of
each subset of small-footprint measurements such as stan-
dard deviation, mean, number of elements, or other user
defined functions such as “cloud amount”.

Comparing measurements with large footprints to mea-
surements with small footprints introduces a sampling prob-
lem. For instance, a single CPR measurement (and DAR-
DAR retrieval) covers around 0.65% of the area of an MHS
footprint, and even the maximum possible number of DAR-
DAR retrievals collocated with one MHS measurement cover
less than 10% of its footprint [Holl et al., 2010]. In order to
mitigate this sampling problem, in this article, large foot-
print measurements are considered collocated with a set of
small-footprint measurements only if the following two con-
ditions are met. Firstly, the number of smaller footprints
inside the larger footprint must be at least 70% of the max-
imum possible collocations of small footprints to one large
footprint within the set collocation criteria. Secondly, since
partly cloudy atmospheric conditions can lead to large inho-
mogeneities in the measured IWP, only collocations where
all measurements from the small footprint-dataset are ice
cloud filled (i.e., not cloud free and not liquid cloud) are
assessed. The collocated datasets are compared using the
retrieved IWP from the large footprint-dataset and mean
retrieved IWP from the small footprint-dataset. For collo-
cated datasets with similar sized footprints, the comparison
is done directly, i.e., only the closest collocated measure-
ments are considered.

The datasets assessed in this study are from sun-
synchronous polar-orbiting satellites on a similar orbit, be-
ing either in the A-Train or close to it. As a consequence,
all collocation pairs contain collocations across all latitudes
(global collocations). The collocations where both datasets
are from satellite platforms in the A-train (MODIS from

Aqua, RO and IORO from CloudSat and DARDAR from
CloudSat and CALIPSO) only contain measurements made
at nadir. However, collocations including datasets from N18
(PATMOS-x, CMSAF, MiRS, MSPPS, and CMO) may in-
clude measurements made off-nadir. Deviations may oc-
cur due to comparing off-nadir to nadir measurements, but
should be limited assuming that all datasets take angular
dependencies into account. Additionally, all problematic
measurement are assumed to be flagged and hence not in-
cluded. All collocations in this study are limited to the
tropics defined as within ±30 ° latitude, where the atmo-
spheric conditions are assumed to be more homogeneous
than if higher latitudes were included. For practical rea-
sons such as data storage, the study is limited to one year.
The period 1st January 2007 to the 31st December 2007, was
chosen since it is the first full year of CloudSat data.

In this paper, measurements are considered collocated if
their footprints are overlapping each other. The specific lim-
itations applied to each collocated dataset depend on the
size of the larger footprint. Each datasets’ measurement
resolution is described in Sect. 2. For simplicity, footprints
are assumed circular, and the random errors introduced by
this assumption are assumed to be minor by comparison to
the other sources of random error, such as a rapidly chang-
ing atmospheric state, or due to the varying distances be-
tween individual collocated measurements. The maximum
distance that the centre of a small footprint is allowed to
be away from the centre of the large footprint, is the radius
of that footprint. For example, for datasets based on MHS
measurements the footprint size is approximately 15 km in
diameter at nadir. Only DARDAR footprints that are a
maximum distance of 7.5 km away from the centre of the
large footprint are collocated.

The temporal limit chosen is the time for advection to
move by the radius of the footprint, so that at most half
the footprint’s condition is changing. In this study, it is
estimated that the air mass will be replaced at roughly a
rate of one kilometre per minute (16.7m s−1), which is a
fairly conservative estimate for the tropics [Koh et al., 2011].
Changes due to other atmospheric processes such as convec-
tion, which in most cases will take much more than 10 min
to change conditions completely, are also taken into account.
Therefore the largest permitted temporal difference between
datasets is either the footprint radius [km] in minutes or
10min, which ever value is smallest. The exact limitations
used for each collocated datasets are given in Tab. 2.

3.1. Systematic and random errors of collocated
IWP

The errors is split into systematic and random errors.
What constitutes a random error or a systematic one de-
pends on context. In this study, the systematic error is
defined as the mean difference between the measurements
(e.g., the bias, if one is taken as a reference) and the ran-
dom error as the residual after subtracting the mean (e.g.,
the variance). Both may be a function of IWP or of other
quantities. As an example of an expected systematic er-
ror, a product based exclusively on radar should retrieve
systematically less IWP than a product based on combined
radar and lidar, if all other factors (such as microphysical
assumptions) are the same. Random errors between collo-
cated datasets originate from a number of different sources.
These include, but are not limited to, the representation er-
ror (poor collocation in space and time) and the random
errors within each dataset (such as noise). If the random
errors of two datasets errors are Gaussian and uncorrelated,
variances (square of the standard deviation) add up to the
total variance for the collocated dataset,

σ2(Y −X) = σ2(X) + σ2(Y ) + σ2
r , (2)
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where Y and X are collocated measurements with uncor-
related random errors and σr is the representation error due
to imperfect collocation. In the present study,

Y is log10(IWPdataset) and X is log10(IWPDARDAR).
Thus, the observed random error in the comparison puts an
upper bound on the random error of the individual datasets.
All active datasets and the CMO dataset are based on the
same CloudSat data, so that it would be wrong to assume
the datasets have non-correlated random errors. Therefore
approximating random errors for these collocated datasets
(RO, IORO, CO) -DARDAR can not be done in the above
manner, but can be considered applicable for the compari-
son of the other passive instruments to DARDAR. Further
investigation on whether the IWP distributions are in fact
Gaussian in logarithmic space (i.e., log-normal) is made in
Sect. 4.2.3.

4. Results and Discussion

4.1. DARDAR uncertainties in IWP

DARDAR retrievals use the optimal estimation method,
hence the errors are retrieved for each IWC value [Delanoë
and Hogan, 2008]. 1-sigma errors of log-normal quantities
means that the errors are also given in log-space, therefore
the uncertainty is a fractional uncertainty (where, for ex-
ample, a 50% uncertainty for the value 100 gm−2 means a
value range between 100/1.5 to 100*1.5). However, it is not
easy to assign an error to the column integrated IWP using
only the fractional errors of each IWC, since the vertical au-
tocorrelation of IWC errors is unknown. The error on the
logarithm of IWP can be estimated using the provided frac-
tional error (1-sigma random error in the natural logarithm
of IWC called “ln iwc error”), and assuming that the IWC
uncertainties are correlated throughout the column. The ±
1-sigma values of IWC can be used,

IWC+ = IWC0 e+ln iwc error

IWC− = IWC0 e−ln iwc error

where IWC0 is the retrieved IWC to get the corre-
sponding column integrated quantities IWP+ and IWP−.
From IWP+, IWP−, and IWP0 (integrated from IWC0)
we can find the fractional errors, ln (IWP+/IWP0) and
ln (IWP0/IWP−) and their average,

σIWP =
ln ( IWP+

IWP− )

2
.

This error σIWP is assigned to every IWP0 value such that
the ±1− σIWP limits (in log-space) can be estimated as:

IWP0 × e±σIWP .

Hence, σIWP of, for example 0.4 constitutes a fractional
error of 50% (e0.4 = 1.5). Fig. 2 shows the IWP uncertainty
given by σIWP expressed as fractional error (100×(eσIWP −1)
[%]). In a similar way as [Austin et al., 2009] assigned an
uncertainty of 40% to IWC retrievals from CloudSat’s radar
only product, the uncertainty of DARDAR IWP is assigned
to ∼ 20% to 50%, with the uncertainty generally increasing
with decreasing IWP.

4.2. Collocated dataset comparisons

In this section collocated datasets are compared in
log-space in the IWP range from around 0.6 gm−2 to
16 000 gm−2 (10−0.2−104.2). The measurements are binned
into 50 x 50 equally spaced log10(IWP) bins using DARDAR
as the reference.

The comparison is made by firstly identifying the IWP
value ranges where both the compared datasets and DAR-
DAR are sensitive to clouds, and secondly by comparing

similar datasets to one another within the determined valid
ranges from which statements about their systematic and
random errors are made. The median and the 16th/84th-
percentiles are used to describe the distribution of IWP.

The median is used instead of log-mean since the IWP
distributions are not quite log-normal, albeit nearly (see
Sect. 4.2.3). The choice of 16th/84th-percentiles (“pseudo 1-
sigma”) correspond to ±one standard deviation in log space
if the IWP distribution would be log-normal. Further, since
the comparisons are made in log space, all measurements
where the compared datasets reports IWP = 0, are removed.
Cases where DARDAR has cloud free measurements have
already been discarded to minimise the number of partly
cloudy footprints (see Sect. 3). The comparisons of collo-
cated datasets reported in the following sections are grouped
in active datasets, SRBS datasets and MW datasets.
4.2.1. IWP valid ranges

By comparing collocated measurements directly against
each other one can approximately read out the actual over-
lap in IWP sensitivities for the different techniques against
the reference dataset, DARDAR. Figures 4, 6, and 8 (de-
scribed in the sections) show the 2D- histogram distribu-
tions of IWP for each collocated dataset. The median and
spread (16th/84th-percentiles) of the compared datasets in
each DARDAR bin are shown in grey, and the median and
spread of DARDAR IWP inside the bins of the compared
dataset are shown in black. To clarify, in each of the bins
(along the x-axis) there is a distribution of IWP values from
the compared dataset. For example, for all collocated mea-
surements with DARDAR IWP in the bin between 50 gm−2

to 70 gm−2, the compared dataset may have values ranging
from 1 gm−2 to 1000 gm−2 but with most values centred in
a fairly log-normal way around 40 gm−2. This distribution
can be viewed as a probability distribution function (PDF)
of likely values that this observational dataset may report
when DARDAR values are between 50 gm−2 to 70 gm−2.
By the same reasoning, the bins of the y-axis also have a
PDF of DARDAR IWP values.

The colour scale common to Figs. 4, 6, and 8 shows the
number of collocations per bin normalised by the largest
bin value, and the total number of collocations is reported
in each figure. For each group of comparisons (active,
SRBS and MW) the number of collocations that matches
the dataset with the fewest collocations are randomly se-
lected to avoid datasets with fewer collocations appearing
noisier.

Since the datasets are based on instruments with differ-
ent sensitivities, it only makes sense to discuss comparisons
in IWP ranges where both the compared dataset as well
as DARDAR are sensitive to clouds. In IWP value ranges
where either the compared dataset or DARDAR are not
sensitive to, or can not retrieve the cloud the datasets are
expected to be uncorrelated. Using Fig. 6 to illustrate, the
median IWP of the observed three datasets and the median
of DARDAR values (shown as thick grey and black lines
respectively) appear to rapidly diverge for IWP values less
than ∼ 30 gm−2 and diverge slightly again for values greater
than ∼ 2000 gm−2. On one extreme, if the median lines are
near-perpendicular to one another, the measurements are
uncorrelated within that IWP range, whereas if the median
lines are parallel to each other, the measurements are cor-
related. For very low IWP values (< 20 gm−2) all dataset
comparisons are uncorrelated. However, the median lines
always converge at some point for increasing IWP values.
Therefore, for each dataset, the decision on the valid IWP
ranges are is based on where the median lines converge to
being very close to each other and end at high IWP values
if the median lines strongly diverge from each other again.
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The results of this IWP dynamic range analysis are sum-
marised in Tab. 3.
4.2.2. Systematic and random errors

For easier comparison among the various datasets, the
median and percentiles of the log-ratio of IWP and DAR-
DAR IWP, are displayed together in Figs. 5, 7, and 9
(described in the following sections) as a function of DAR-
DAR IWP. Fig. 5 shows results for the active datasets,
Fig. 7 shows the SRBS datasets, and Fig. 9 show the pas-
sive MW datasets. Thick lines show the median and the
same coloured thin lines depict the random spread using
the 16th/84th-percentiles (see Sect. 3.1 for description on
random errors). Solid lines are drawn in the IWP ranges
deemed valid to compare the two datasets (Tab. 3), and
the lines become dashed outside this range. Horizontal thin
grey lines showing factor 2 steps in systematic error and a
thick line showing equality are added for clarity).

The 16th/84th percentiles shown in Figs. 5, 7, and 9 rep-
resent the random error in each comparison. As mentioned
above the chosen percentiles match the standard deviation
if the distribution is Gaussian.
4.2.3. Are IWP distributions log-normal?

In fact, the log-ratio distributions are often found to
be close to Gaussian, as illustrated for the PATMOS-x vs.
DARDAR comparison in Fig. 3. It shows the median and
percentiles as well as the mean and standard deviation in
terms of log-ratio between PATMOS-x and DARDAR. As
the figure shows, the log distribution of IWP is nearly Gaus-
sian across the whole IWP range. This applies to most
datasets in this study (not shown). The fact that the log dis-
tributions are nearly Gaussian justifies using the standard
deviation (or percentiles) of the log-ratio as a random error
estimate (see Sect. 3.1). Nonetheless, since the distributions
are not exactly Gaussian, the median/percentile approach is
chosen for better robustness. It means that the errors gen-
erally scale with the IWP value and relative errors are more
appropriate than absolute errors to characterise IWP.

4.3. Active sensors

Using the median lines in the 2D-histogram of IWP in
Fig. 4, DARDAR is determined comparable to the active
datasets in the IWP range of ∼ 10 gm−2 to 9000 gm−2, i.e.,
a large part of the range retrieved by DARDAR. However,
the expected close level of agreement in terms of IWP of RO
and IORO to DARDAR is due to large ice particles domi-
nating the IWP (column integrated IWC). In terms of IWC,
especially where there is low IWC, the CloudSat datasets di-
verge from DARDAR [Stein et al., 2011].

When comparing active datasets, one needs to note that
DARDAR is based on the same Radar measurements as
the CloudSat IWP products, so the random errors of these
datasets are likely correlated and therefore nothing can be
said about the random errors of the individual datasets.
However, since DARDAR uses Lidar measurements in the
retrieval, and the CloudSat datasets assume different parti-
cle phase assumptions, they are appreciably different from
each other, as can be seen in Fig. 5. This figure also shows
that for thin clouds in the range of 30 gm−2 to 40 gm−2, RO
and IORO both report more than a factor 2 less IWP than
DARDAR. This demonstrates the strong impact of Lidar
measurements on DARDAR in this range. This was corrob-
orated using the instrument flags of DARDAR. For instance,
at 10 gm−2, on average, the fraction of IWC values in each
vertical profile retrieved solely from Lidar, Radar, or from a
mixture of both measurements is approximately 55, 20, 25
% respectively.

The IORO and RO datasets converge with DARDAR
for clouds around 500 gm−2 as the influence of Lidar mea-
surements becomes less dominating. The IORO dataset re-
ports more IWP than DARDAR between ∼ 100 gm−2 to
800 gm−2, which likely is due to an overestimation of IWP

since all cloud water content where the temperature is colder
than 0 ◦C are assumed to be ice phase (see Sect. 2). For val-
ues larger than 800 gm−2, RO and IORO report lower IWP
than DARDAR, but RO decreases more than IORO.

DARDAR detects the cloud phase directly using the in-
tensive backscatter by super cooled water compared to ice
in the Lidar signal. When the Lidar signal is attenuated
before the liquid phase level, the radar echo is assumed to
be dominated by ice. Thus, only the IORO product was
considered in the Stein et al. [2011] study since it is a closer
comparison to DARDAR.

4.4. Passive VIS/NIR sensors

When comparing passive measurements of IWP to mea-
surements from active instruments one must bare in mind
the limitations of IWP retrievals from passive sensors. In
addition to the uncertainties introduced in assuming homo-
geneous clouds (see Sect. 2.2), only measurements deter-
mined to be ice phase are used to retrieve ice cloud proper-
ties, and the whole column is then assumed to be ice. These
problems are known to cause large uncertainties in SRBS
retrievals [e.g., Stein et al., 2011]. By comparison, as men-
tioned earlier, DARDAR profiles can contain both liquid
and ice particles and only the vertical bins that contain ice
(IWC) are considered in the integration.

Three datasets using reflected solar measurements to de-
rive IWP are shown in Fig. 6. Using the median lines to find
the IWP ranges where it may be valid to make comparisons
to DARDAR, the SRBS datasets are determined to cover
a large range of IWP values. In general, the retrievals at
low IWP values (≤ ∼ 30 gm−2) are not correlated at all be-
tween the compared datasets and DARDAR, meaning that
either neither is sensitive to such thin clouds or only one of
them is (probably DARDAR). There appears to be no clear
upper limit to the SRBS datasets, although the datasets are
slightly less correlated above ∼ 2000 gm−2. Above these val-
ues the systematic errors between the SRBS datasets and
DARDAR rapidly increase. Since all three datasets are
based on similar instruments, also the retrievals have ap-
proximately the same IWP ranges. However there are still
some notable differences between these datasets, which are
best visualised in Fig. 7.

Figure. 7 shows the median and percentiles of the ratio
between SRBS datasets and DARDAR IWP as a function of
DARDAR IWP. Curiously, within the valid ranges, MODIS
reports more IWP than DARDAR from approximately
20 gm−2 to 100 gm−2, whilst CMSAF and PATMOS-x do
not. In the vicinity of 20 gm−2, MODIS has a factor 2 higher
IWP values, and at the end of the range around 5500 gm−2,
MODIS reports IWP which is lower by around a factor 4.
PATMOS-x and CMSAF have a systematic negative bias
for all DARDAR values, but from ∼ 100 gm−2 the bias of
PATMOS-x is nearly the same as the bias of MODIS, whilst
CMSAF has nearly a factor 2 more systematic bias than
MODIS and PATMOS-x for the whole IWP range.

The combined random uncertainty (see Sect. 3.1) of
MODIS-DARDAR, depicted as thin red lines in Fig. 7 is
very constant and nearly parallel with the median through-
out the valid range and ranges from a factor 1.5 to 2.
PATMOS-x-DARDAR has a somewhat larger but also quite
constant random uncertainty (approximately a factor 2-3)
for the whole IWP range. CMSAF has a low random uncer-
tainty below ∼ 200 gm−2 (approximately a factor 1.3), but
then steadily increases to around a factor 3-4 for the highest
IWP values.

Taking MODIS-DARDAR as an example, Cooper et al.
[2003, 2007] showed that the uncertainties in MODIS re-
trievals of re, used to derive IWP, are in the order of 30%
to 40% and DARDAR’s random uncertainty was shown to
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have an overall random uncertainty of around 20% to 50%
(see Sect. 4.1). However, such general uncertainty estimates
per dataset are inadequate for IWP retrievals as they are
clearly not valid for all IWP ranges. Using the approach de-
scribed in this article (see Sect. 3.1), the combined random
error for the entire valid IWP range can be estimated as a
function of IWP.

Assuming that the random errors between these two
datasets are uncorrelated, the maximum random uncer-
tainty of either dataset is concluded to be smaller than
a factor 2 (100%). Since the combined error of MODIS-
DARDAR is not too large covering a wide range of IWP val-
ues, this demonstrates the likely strength of both datasets.
This also helps to justify our choice of DARDAR as the ref-
erence dataset, since if it was a bad reference, the combined
uncertainties between DARDAR and any other dataset
would always be large. If both were assumed to have the
same uncertainty, using Eq. 2, there uncertainty would be
smaller than 1.63. An uncertainty of 1.63 on the ratio corre-
sponds to a relative error of 63%, which is not too far from
the above uncertainties from Cooper et al. [2003]; Austin
et al. [2009] cited above for MODIS and DARDAR respec-
tively. Errors due to collocations are neglected in this argu-
ment.

The differences between the SRBS datasets can be ex-
plained by mainly three factors. 1) Although PATMOS-x
and CMSAF are based on the same measurements, the dif-
ference between them is systematic and large. This is a
function of the choice of ice particle model (see Sect. 2.2.3).
The largest uncertainties in these retrievals is a direct result
of the assumed microphysics [Zhang et al., 2009]. 2) Since
MODIS IWP retrieval algorithm can use five channelscom-
pared to two for CMSAF and PATMOS-x, it is conceivable
that it has better constrained retrievals. 3) The different
sizes of the “pseudo footprints” of roughly 10 km× 10 km,
4 km× 1 km and 1 km× 1 km for PATMOS-x, CMSAF and
MODIS respectively may also play a role, and since larger
footprints should have more collocation errors (see Sect. 3)
this may be the reason PATMOS-x has a larger random un-
certainty than MODIS, although the systematic errors are
the same.

4.5. passive microwave measurements

Three datasets that retrieve IWP using passive microwave
data are shown in Fig. 8. Using the medians as before, com-
parisons of IWP can be made in the ranges from ∼ 900 gm−2

for MSPPS (left), from ∼ 700 gm−2 for MiRS (right), and
from ∼ 10 gm−2 for CMO. There is no clear upper bound
to valid IWP ranges for these datasets. It is well established
that IWP retrievals using passive microwave are only sen-
sitive to clouds that have precipitation sized ice particles,
and this is reflected in this comparison. As can be seen
from the histogram of CMO vs. DARDAR in Fig. 8, CMO
reports IWP even where DARDAR reports very low IWP
values. This is purely an artifact of this current version of
the dataset since the retrieval will always retrieve IWP > 0

As can be seen in both Figs. 8 and 9, the systematic error
between MSPPS vs. DARDAR and the systematic error be-
tween MiRS vs. DARDAR is very large even for clouds where
both the DARDAR and these microwave datasets have sen-
sitivity to clouds. The MSPPS and MiRS datasets are prob-
ably not suited for such a comparison but it is worth noting
that when clouds have an IWP larger than ∼ 2000 gm−2

they do appear to be fairly correlated with DARDAR albeit
offset to a factor 5-6 lower IWP values. The correlation im-
proves with increasing IWP due to the steady increase of
precipitation. Once the IWP is larger than ∼ 2000 gm−2,
the random error of the collocated microwave datasets is not
particularly large. MSPPS has a random error of mostly

less than a factor 1.5, and MiRS has a larger random error.
The increased random error of MiRS is likely due to the
much larger footprint sizes of MiRS compared to MSPPS
(see Sect. 3.1).

The third microwave dataset, CMO stands out due to its
different retrieval approach and higher frequency microwave
channels and the valid IWP range defined here is very large
(see Figs. 8 and 9). Note that CMO is developed based
on collocations with CPR, therefore the random errors are
not assumed to be uncorrelated. CMO reports higher values
than DARDAR in the low IWP range. CMO is known to not
be retrieving clouds here since it is insensitive to clouds in
this range. The version compared in the present study does
not include any cloud detection and retrieves IWP in log-
arithmic space. Therefore, it retrieves a low value of IWP
even when there is no ice at all. A good way of cutting
off those values is still under development. Although the
dataset is still in a fairly early development stage, it already
looks promising.

5. Conclusions

This article is a necessary continuation of the Eliasson
et al. [2011] study where the satellite observations were com-
pared in terms of monthly mean IWP. The results presented
here help explain the differences between the level 3 observa-
tional datasets found in Eliasson et al. [2011], which could
only be inferred using the monthly mean data. However,
comparing monthly mean products is problematic since dif-
ferent approaches are used to go from a level 2 (“footprint”
resolution) to level 3 (gridded monthly mean) product. IWP
derived from different techniques were compared to DAR-
DAR at a “footprint” resolution, using data from 2007 be-
tween ±30 ° latitude. In this study, DARDAR is assumed
to provide the most accurate retrieval of IWP, due to us-
ing the combination of CALIPSO and CloudSat measure-
ments. DARDAR IWP is further assumed to be valid over
a wide range of IWP, thus being ideal for the investigations
presented. Using the fractional errors of DARDAR IWC,
we found that the 1-sigma fractional errors in column inte-
grated IWP range between 20% to 50% and are generally
decreasing with increasing IWP (see Sect. 4.1).

The range of IWP where both DARDAR and the collo-
cated dataset are sensitive to clouds, are first identified for
each collocated dataset, and summarised in Tab. 3. The
focus of this study is on the assessment of various available
IWP datasets, i.e., investigating their valid IWP range us-
ing DARDAR as reference. In these IWP ranges, we have
looked at the systematic bias of IWP and the combined ran-
dom errors. These are then used to assess the quality of the
datasets in Figs. 5, 7, and 9.

The combined uncertainties in log-space of the collo-
cated datasets are reported in Sect. 4. It is shown that
datasets based on solar reflectances can be compared to
DARDAR over a large IWP range starting from approx-
imately 30 gm−2. The combined uncertainty of DARDAR
and MODIS is less than a factor of 2, and this sets the upper
limit for the random error of either dataset. CMSAF and
PATMOS-x have larger combined uncertainties (see Fig. 7).

All SRBS datasets’ systematic errors increase to a fac-
tor 4 negative bias as their signals start to attenuate at high
IWP values. CMSAF is biased low compared to MODIS and
PATMOS-x due to different assumptions on the ice particle
models in the retrievals (see Sect. 2.2). Datasets based
on passive microwave measurements are only comparable to
DARDAR in ranges starting from approximately 700 gm−2.
In this range, their combined uncertainty is not larger than
the SRBS datasets despite their larger footprints, but the
systematic errors are very large. The bias of MSPPS/MiRS
compared to DARDAR ranges from a factor 5 to 7 and 8 to
10 respectively.
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We have concluded that all assessed datasets provide
valuable information on IWP. The results presented in
Tab. 3 suggest that a synergistic passive retrieval using
microwave and shortwave may be able to retrieve IWP for a
larger range of values than retrievals based on either alone.
Such a retrieval could be developed in a similar way to the
CMO dataset with a DARDAR reference, therefore truly
exploiting the benefits of active and passive short- and mi-
crowave, and thus constrain IWP as much as possible from
a spaceborne platform.

It is encouraging that MODIS, CMSAF and PATMOS-
x show reasonably good agreement over a large IWP range
despite the remaining large systematic biases. This is espe-
cially encouraging since CMSAF and PATMOS-x are based
on AVHRR measurements that span over 30 years. These
datasets therefore, together with datasets based on (A)-
TOVS, are suitable for long-term climate applications. Fu-
ture work may also include comparing the datasets sepa-
rated into for example cloud types or specific atmospheric
scenarios.
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Table 1. List of datasets used in this study. They are further referred by the “short names” given here.

Short name Technique Long name Satellite

DARDAR Active: combined Radar and Li-
dar

DARDAR-cloud CloudSat and
CALIPSO

IORO Active: Radar Ice only-Radar only ice water
path

CloudSat

RO Active: Radar Radar only ice water path CloudSat

MODIS Passive: SRBS MODIS Aqua

CMSAF Passive: SRBS CMSAF NOAA18

PATMOS-x Passive: SRBS PATMOS-x NOAA18

MSPPS Passive: Microwave MSPPS NOAA18

MiRS Passive: Microwave MiRS NOAA18

CMO Passive: Microwave CMO NOAA18

Table 2. Collocation rules: From left to right: dataset,
the maximum allowed distance, max allowed time difference,
minimum required number of collocated DARDAR to each
(larger) footprint, the maximum number of small footprints
per large footprints, and some additional comments. CA =
Cloud amount, and this means in practice that only collo-
cation that have at least “CA” number of cloudy DARDAR
footprints are considered.

Dataset Dist. [km] Time [min] N req. N max Notes

RO - - - - Already collocated
IORO - - - - Already collocated
MODIS 2 2 - - Pick closest only
CMSAF 2.5 5 4 5 CA = 100%
PATMOS-x 4 8 6 8 CA = 100%
MSPPS 7.5 7.5 10 14 CA = 100%
MiRS 25 10 33 46 CA = 100%
CMO 7.5 7.5 10 14 CA = 100%

Dataset min IWP [gm−2] max IWP [gm−2]

RO 10 9000
IORO 10 9000
MODIS 40 -
CMSAF 40 -
PATMOS-x 40 -
MSPPS 900 8000
MiRS 700 -
CMO 10 -

Table 3. Approximate valid IWP ranges: For each dataset
based on the IWP bins or DARDAR, and the range selection
criteria presented in Sect. 4.2.1. The missing upper bounds
for CMO and MiRS indicate that we did not find a clear upper
limit to their valid ranges.
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Figure 1. Illustration of footprint sizes for a selection of instruments.
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Figure 2. The fractional uncertainty of IWP [%] as a function of IWP for DARDAR.
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Figure 3. The median and 16th/84th percentiles shown
together with the mean and standard deviations of

log10(
IWPPATMOS−x

IWPDARDAR
) using the PATMOS-x vs. DARDAR

comparison. Where the mean and median lines are close
to each other and the standard deviation and percentiles
are close to each other, the IWP distribution is close to
log-normal.
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Figure 4. Tropical IWP comparison 2007 for ac-
tive techniques: CloudSat RO IWP (left) and CloudSat
IORO (right) are compared against DARDAR IWP. The
measurements are collocated since they are based on the
same measurements from CPR. The colour scale shows
the normalised number of collocations per bin against
the maximum bin value. Median lines and percentiles
are described in the text.
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Figure 5. IWP from active datasets: The median and
“pseudo 1-sigma” of the ratios of RO vs. DARDAR and
IORO vs. DARDAR shown together. Median lines are
thick, “pseudo 1-sigma” lines are thin. Dashed lines in-
dicate IWP ranges where the datasets are uncorrelated.
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Figure 6. Tropical IWP comparison 2007 for SRBS
techniques: 2D histograms as in Fig. 4. MODIS IWP
(top left), CMSAF IWP (top right), and PATMOS-X
IWP (bottom).
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Figure 7. IWP from passive SRBS datasets: The me-
dian and “pseudo 1-sigma” of the ratios of MODIS vs.
DARDAR, PATMOS-x vs. DARDAR, and CMSAF vs.
DARDAR are shown together. Median lines are thick,
“pseudo 1-sigma” lines are thin. Dashed lines indicate
IWP ranges where the datasets are uncorrelated.



X - 18 ELIASSON ET AL.: SYSTEMATIC AND RANDOM ERRORS OF COLLOCATED IWP

Figure 8. Tropical IWP comparison 2007 for passive mi-
crowave techniques: 2D histograms as in Fig. 4. MSPPS
IWP (top left), MiRS GWP (top right), and CMO IWP
(bottom).
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Figure 9. IWP from passive microwave datasets: The
median and “pseudo 1-sigma” of the ratios of MSPPS
vs. DARDAR, MiRS vs. DARDAR, and CMO vs. DAR-
DAR are shown together. Median lines are thick, “pseudo
1-sigma” lines are thin. Dashed lines indicate IWP ranges
where the datasets are uncorrelated. Note that the y-axis
differs from Figs. 5 and 7
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Abstract. A method to determine the mean response to lo-
calised convective events is elaborated and applied for the
first time to a climate model. Following Zelinka and Hart-
mann (2009), satellite data are averaged according to the dis-
tance to local maxima in rain rate, in order to determine the
spatio-temporal evolution of various atmospheric variables.
The method is demonstrated for deep convection in the cen-
tral Pacific ocean, where the response of different variables
related to water and radiation is investigated. For exam-
ple, it is shown that outgoing longwave radiation is affected
over at least 60 h, and the relative humidity is increased with
≥ 2%RHi averaged over 3 ·106km2. The methodology is
for the first time applied on data from active sensors, and
some limitations of the present observation systems are high-
lighted. An aliasing effect was identified when using data
from sun-synchronous satellites, caused by the fact that the
strongest and more moderate convection have different diur-
nal cycles. The overall objective is to assess the treatment
of convection in climate models. The model data are eval-
uated after being processed in the same manner. Compared
to the traditional use of straightforward regional averages,
this methodology gives better means for analysing the im-
pact of the different parametrisations involved. EC Earth
(V3) is used for demonstration. Several significant devia-
tions from observations are shown, but in general, the model
is found to capture the dynamic response of the convection
fairly well, despite large biases in the background state for
several variables. Part II of this study will examine and com-
pare several additional climate models’ performance for both
land and water-based deep convection.

Correspondence to: Patrick Eriksson
(Patrick.Eriksson@chalmers.se)

1 Introduction

The impacts of tropical deep convection (DC), including its
overall effect on the climate, remain important areas of an un-
certainty for climate modelling (Randall et al., 2007). Tropi-
cal deep convection is the primary means of vertical transport
of moisture, aerosols, and latent heat into the upper tropo-
sphere. Concentrated along the Inter-Tropical Convergence
Zone (ITCZ), DC events can range from a single convective
cloud to large-scale complex convective system with hor-
izontal coverage spanning thousands of square kilometres.
Convection greatly influences the temperature lapse rate, hu-
midity, and the formation of clouds and precipitation in the
upper troposphere. This results in a range of impacts on
the top of the atmosphere radiation balance. From a mod-
elling perspective, the most problematic aspects are that con-
vection acts on sub-grid scales and involves cloud micro-
physics. Such processes are in hydrostatic GCMs handled
implicitly by various parametrisations that, in themselves,
generate considerable modelling uncertainties.

Results from the International Satellite Cloud Climatology
Project indicate that DC events occur about ∼ 5% of the time.
They connect the planetary boundary layer to the upper tro-
posphere and even the lower stratosphere (Rossow and Pearl,
2007). Previous studies of tropical DC have revealed a com-
plex and multi-modal diurnal cycle of small and large DC
clusters superimposed on an intra-annual oscillation (Chen
and Houze, 1997; Mapes and Houze, 1993). These in turn
generate a strong diurnal variations in the upper troposphere
(e.g. Eriksson et al., 2010; Tian et al., 2004).

Studies evaluating climate models with the aid of observa-
tions tend to use straightforward seasonal or annual means,
hence having an inherent time resolution of months or longer.
But at such time scales, it is difficult to assess the realism and
identify errors of individual processes (Stephens et al., 2010).
Evaluations of models on shorter time scales are not as preva-
lent because of the limited availability of suitable observation
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datasets. While there are some observations with a tempo-
ral resolution on the order of hours, for example, the At-
mospheric Radiation Measurement program, these are usu-
ally from ground-based stations, or from very short research
campaigns, with limited spatial and/or temporal coverage.
Geostationary satellites, such as Meteosat or GOES, can ad-
dress this problem. However, their onboard optical sensors
are daytime only, and their infrared sensors are severely af-
fected by clouds (John et al., 2011; Liang et al., 2011). The
later is a severe drawback when studying the impact of trop-
ical convection, as it is associated with the optically thickest
clouds on the planet. On the other hand, the high tempo-
ral resolution of geostationary data allows for the tracking of
the horizontal movement of humidity patterns and the cirrus
anvil generated by DC (Soden, 2004).

Polar orbiting satellites offer a much wider range of obser-
vations, including measurements at microwave wavelengths
having a better cloud penetration capability. A main draw-
back of these observation systems is the long time span be-
tween data acquisitions, a problem especially pronounced for
low latitude regions (Kirk-Davidoff et al., 2005). Accord-
ingly, they do not allow for the tracking recording of the
time evolution of individual convective systems. However,
mean responses of such systems can be derived, as shown
by Zelinka and Hartmann (2009, hereinafter ZH09). Their
approach is based on a robust identification of a centre refer-
ence point, in time and space, of DC events. Maxima in satel-
lite derived rain rates are used for this purpose. Data from
numerous satellite overpasses are then averaged, according
to the distance in time and space to the identified DC centre
points, and a two or three-dimensional structure of different
variables’ response is obtained. An individual event will be
sampled just for a few time bins and maybe only for part
of the area considered, but when averaging over thousands
of DC events, the mean patterns emerge. The data are av-
eraged following the distance to fixed points, hence, this is
an Eulerian approach, in contrast to Lagrangian ones such as
Horváth and Soden (2008).

This is an innovative use of data from polar orbiting satel-
lites, and the concept is here elaborated, with the final ob-
jective to find a new approach to diagnose convection related
and large-scale internal processes in climate models. The
study is broken down into two parts. This, the first part, re-
examines the identification of the convective centre points,
presents data compilations from sensors not considered by
ZH09 and exemplifies the method for model evaluation by
considering a single model (EC Earth) and a single region
(central Pacific). In Part II, the methodology is applied on
a set of models, and for several regions, to give a broad
overview of the treatment of tropical deep convection in cli-
mate models.

2 Data

2.1 Observations

2.1.1 TMPA

Surface precipitation data, expressed as rain rate in mmh−1,
are taken from the TRMM Multi-satellite Precipitation Anal-
ysis (TMPA) 3B42 version 6/6A dataset. A description of
the dataset is given by Huffman et al. (2007), and further
details on the dataset can be found at ftp://precip.gsfc.nasa.
gov/pub/ trmmdocs/3B42 3B43 doc.pdf . Briefly, the dataset
is a combination of multiple precipitation estimates from sev-
eral satellite sources, both microwave and infrared, as well
as both geostationary and polar orbiting. Whenever pos-
sible, surface rain gauges are used to scale the data. The
dataset is provided on a 0.25° grid between ±50° latitude
and with a time resolution of 3h. For the purpose of this
study, the TMPA dataset is resampled to EC Earth’s resolu-
tion (Sect. 2.2), but only as a final step before plotting.

2.1.2 AMSU

Upper tropospheric humidity (UTH), defined here as the av-
erage relative humidity with respect to ice (%RHi) from
500hPa to 200hPa, is derived from the Advance Mi-
crowave Sounding Unit B (AMSU-B) and Microwave Hu-
midity Sounder (MHS) sensors onboard operational satel-
lites run by the National Oceanic and Atmospheric Ad-
ministration (NOAA) and the European Organisation for
the Exploitation of Meteorological Satellites (EUMET-
SAT). In this study, UTH retrievals are obtained from
AMSU-B on NOAA-16 and NOAA-17, and from MHS on
NOAA-18 and MetopA (all satellite observation angles in-
cluded). The AMSU-B/MHS sensors have a swath of about
2300km with a footprint resolution at nadir of approximately
20 × 16 km2 and around 64 × 52 km2 at its widest scan angles.
UTH is retrieved using the brightness temperature (Tb) at
183.31±0.01 GHz, as described in Buehler and John (2005).
This is channel 18 of AMSU and channel 3 of MHS.

An important aspect of this dataset is cloud penetrability.
The AMSU UTH retrieval assumes no scattering but this nor-
mally sound assumption begins to break down in DC clouds.
Ice particles scatter emitted microwave radiation and lower
the Tb thereby introducing errors in the UTH retrievals. Al-
though these measurements are much less sensitive to clouds
than those from IR sensors (John et al., 2011), intense scat-
tering is of particular significance in convective regions, and
the degree of scattering is also dependent on satellite view-
ing angle. This is taken into account when screening the data,
which involves the use of a cloud filter described in Buehler
et al. (2007). The two-part filter uses a scan angle-dependent
Tb threshold, along with a filter considering the Tb differ-
ence to the neighbouring channels (19 or 20 for AMSU, and
4 or 5 for MHS).
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Since data from several satellites are used, inter-satellite
Tb biases become an issue. Such biases have been investi-
gated by John et al. (submitted 2012) and found not to be
significantly large that they prevent the combination used in
this study.

2.1.3 CloudSat-CALIPSO

The nadir-looking CloudSat cloud-profiling radar operates at
94GHz with a horizontal resolution of ∼ 2km and a vertical
resolution of 500m. Since 2006, the satellite has provided
height resolved cloud properties, for example, ice water con-
tent and cloud fraction (Stephens et al., 2002). CALIPSO
is a space-borne lidar that operates at wavelengths 532nm
and 1064nm (Winker et al., 2007). This study uses the re-
cently developed CloudSat and CALIPSO Ice Cloud Prop-
erty Product (2C-ICE) which combines data from collocated
CloudSat 2B-GEOPROF data and the measured attenuated
backscattered coefficients from CALIPSO’s 532nm channel.
A detailed technical description of the 2C-ICE dataset can
be found on the CloudSat website: http://www.cloudsat.cira.
colostate.edu/dataICDlist.php?go=list&path=/2C-ICE.

The scattering properties at microwave and visible wave-
lengths lead to highly different sensitivities of CloudSat and
CALIPSO. Thin clouds consisting of smaller particles are
only detected by CALIPSO, while parts of the atmosphere
with a thicker cloud layer above are only probed by Cloud-
Sat. The vertical extension of the overlapping region be-
tween the two instruments differs depending on several cloud
variables, such as liquid and ice water mass and the associ-
ated particle size distributions. For the tropical region, the
point where CloudSat and CALIPSO show the same aver-
age cloud frequency is found consistently close to 200hPa,
and for lower/higher altitudes the CloudSat frequency is, in
rough terms, a factor two higher/lower than CALIPSO (see
Johnston et al., 2012, Fig. 4).

2.1.4 CERES

Top of the atmosphere (TOA) outgoing longwave radiation
(OLR) radiant flux observations are provided by the Cloud
and Earth Radiant Energy System (CERES) sensors onboard
the Aqua and Terra satellites. The hourly Single Satellite
Footprint (SSF) cloud edition 3A hourly dataset is chosen for
this study. This product combines CERES sensor data with
information from the Moderate Resolution Imaging Spec-
troradiometer (MODIS) and the Visible and Infrared Scan-
ner (VIRS) sensors. The level 2 SSF dataset is taken from
both satellites. Because each sensor has been radiometrically
inter-calibrated, the two sensors can be considered as one.
The data are then gridded to a regular grid (≈ 0.7°) following
the resolution of EC Earth (Sect. 2.2). An in-depth descrip-
tion of the CERES sensor is given by Wielicki et al. (1996)
and a discussion of the measurement uncertainty, which is
primarily due to calibration error and estimated to be about

±5Wm−2, can be found in Loeb et al. (2009). This level 2
data do not contain albedo and therefore it had to be calcu-
lated using a formulation obtained from the CERES team.

2.2 EC Earth

The general circulation model chosen for this study is EC
Earth version 3 (http://ecearth.knmi.nl). EC Earth is based
on the seasonal forecast version of the European Centre for
Medium-Range Forecast (ECMWF) Integrated Forecast Sys-
tem (IFS) (Hazeleger et al., 2011). The uncoupled configu-
ration of the model is used in this study. Its horizontal res-
olution is set to ≈ 0.7° and vertically there are 91 staggered,
vertical hybrid levels extending to roughly 85km. The model
time step was set to 45min and the output frequency is ev-
ery 3h. Prescribed boundary conditions, such as sea surface
temperature, are taken from Era-Interim monthly means.

A subset of variables are compared within a model-to-
retrieval framework. They are rain rate, UTH, cloud fraction,
cloud ice water content, OLR, and albedo. The radiation and
precipitation variables are accumulated fields over the out-
put frequency time, and are converted to instantaneous values
and rates, respectively, by division with time step-length.

The surface precipitation is used in this study is the sum
of large-scale and convective precipitation. UTH is taken as
the mean relative humidity, with respect to ice, following the
definition used for the observations. For ice water content,
convective precipitating ice is added to the model’s “cloud
ice” to obtain a quantity better matching what is measured by
the satellite sensors, an issue discussed further in Sect. 4.3.2.
The combination of the different model ice quantities is done
externally, only “cloud ice” is considered by the model’s ra-
diation module. Albedo, α, is calculated as

α=1− SWnet

SWin
, (1)

where SWnet is the model’s TOA net visible short wave ra-
diation (sum of incoming and reflected fluxes), and SWin is
the product of the solar constant and the cosine of the solar
zenith angle. Albedo was derived for zenith angles between
0° to 70°. Inclusion of higher angles was found to give less
stable results.

3 Method

3.1 Zelinka and Hartmann (2009)

ZH09 used data from polar orbiting satellites to assess atmo-
spheric effects of deep convective events during the period
2003 to 2005 and for a part of the equatorial Pacific Ocean
(5° to 15°N and 120° to 160°E). Identification of DC events
was done through surface precipitation rates (RR) of the
TMPA dataset (same version as used here). This multiple-
satellite dataset allows, neglecting retrieval artefacts, for the
identification of DC events with a spatial and time resolution
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of 0.25° and 3h, respectively, though ZH09 analysed TMPA
first after averaging to 1° resolution.

DC events for further study were found by selecting the
top 10th percentile of RR > 0, corresponding to a thresh-
old of 1.6mmh−1 (at 1° resolution) and covering 57% of the
total rainfall of the area. Where adjacent geographical grid
spaces exceeded the RR threshold, the final results were av-
eraged into one distinct realisation; see further Sect. 3.2. The
selected RR values were taken as the centre point, in both
space and time, of DC events. The logic is that peak RR co-
incides closely to the strongest convection. Hence, RR acts
as a proxy for (strong) vertical velocity, a quantity not yet
covered by any satellite observation system.

The actual convection can cover thousands of km2, and the
resulting effects on the atmosphere extend over even larger
areas. Accordingly, ZH09 considered a geographical area
of size 11° × 11° around each DC centre point found, over a
time range of ±24h. The domain was divided into 3h time
bins, and 1° wide latitude and longitude bins. Data for all
satellite passages during the three years were processed, and
the mean of the data ending up in each spatio-temporal bin
was calculated. This averaging compensates for the fact that
a specific DC event is observed by a sun-synchronous sensor,
in best case, a few times separated by 12h. Figure 1 exem-
plifies the outcome of this averaging process. The different
friezes of the figure are discussed in Sect. 4.2. The obtained
spatio-temporal data series were processed further and anal-
ysed from an atmospheric science perspective, see ZH09 for
details.

3.2 Modifications of the methodology

The core idea of ZH09 is maintained, but the methodology is
elaborated in some aspects, other sources of satellite data are
analysed, and also model data are processed. This section
summarises the differences. Details and the justification of
the changes are discussed further in the following sections.

A similar geographical area as in ZH09, over the central
Pacific, was selected. The boundaries were set to ±15° in
latitude and 140° to 260° E in longitude. A sub-area around
New Guinea is not included, to avoid land-based convection
that have different characteristics. The area described is the
one used for selecting centre points of DC, while satellite
and model data can extend outside the given boundaries. The
time period used is 2007 to 2008. The relative time window
is set to ±48h, and the spatial window is set to 21° × 21°.
This is an extension in all dimensions with respect to the do-
mains used in ZH09 (±24h, 11° × 11°).

Even though extreme RR values are highly focused in
space and time, two or more RR values above the threshold
can be found in adjacent space or time bins, and are highly
likely part of the same convective system. Several DC cen-
tre points could thus be generated that are close in space and
time and ignoring this would introduce a smoothing in ob-
tained fields. The data filtering used to handle this issue is as

follows. DC events were found by searching the RR data in
decreasing order. The position of the highest RR was classi-
fied as a DC centre, and all RR inside 11° × 11° and ±18h of
the added centre was removed from the further processing.
The highest remaining RR becomes a new DC centre, etc.,
until a sufficiently high number of centres had been identi-
fied.

This is a more stringent filtering of the RR data, compared
to ZH09. The main difference is that this filtering includes
also the time dimension, while the final outcome with respect
to the latitude and longitude dimensions should be very sim-
ilar.

The atmospheric variables and data sources considered
should only be taken as examples. The method can be used
for any satellite covering the area of concern. A largely dif-
ferent set of sensors are considered in this study that both
complements the results already reported in ZH09 and also
simplifies the comparison with models. Cloud interference
is not only an inherent issue for satellite sounding, but also
complicates strongly the comparison to model data. For
these reasons, “all sky” OLR has been chosen instead of
the “clear sky” OLR used in ZH09, and UTH is taken from
microwave observations (AMSU/MHS, Sect. 2.1.2), instead
from AIRS. This study also takes the step to consider data
from active sensors in order to make use of their high ver-
tical resolution. That is to say, CloudSat and CALIPSO
are the data sources for cloud fraction (as well as for IWC,
Sect. 2.1.3), instead of the MODIS cloud classification used
in ZH09. In addition, the possibility of gauging the response
in albedo using this methodology is also examined.

The main extension of the ZH09 approach is to also com-
pile model data in the same manner. DC events inside the
model are identified by the internal RR, to put focus on the
atmospheric response when convection has been triggered.
If the observationally derived DC centres would had been
applied also for the averaging of model data, the compar-
ison would instead primarily reflect the model’s ability to
place DC correctly in space and time. The diurnal cycle
of convection is a known model deficit (e.g. Eriksson et al.,
2010; Bechtold et al., 2008), and this feature would make this
comparison meaningless, if it were not circumvented by this
methodology.

As most intense RRs are vastly different in TMPA and EC
Earth (Sect. 4.1), it is not possible to apply a common RR
threshold. Instead, the DC events are sorted, in decreasing
order, after their peak RR, and the same index ranges are
selected for observation and model data averaging. If nothing
else is stated, averages of the top 11000 cases are shown. The
filtering of RR, described above, allows a maximum of about
25000 cases to fit inside the time period and geographically
area considered. Thus, > 40% of the domain is represented
in final averages.

There is a subtle difference between the model quantities.
Rain rate and radiative fluxes are accumulated variables, and
the model output is effectively the average of each time step
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Fig. 1: OLR from the CERES sensors onboard the sun-synchronous satellites Terra and Aqua. Equatorial passage times for
Aqua are 01:30/13:30 LST (local solar time) and Terra they are 10:30L/22:30 LST. Friezes (a) and (b) show averaged OLR
for all DC events, for each sensor separate. In panels (c) and (d) the two sensors are combined, but the DC events have been
divided in two parts. Frieze (c) includes of the top 50% of the 11000 cases, and frieze (d), the bottom half. The spatial extent
of each plot is 12° × 12°.

while other variables are instantaneous values. Hence, there
is a difference of 90min between the representative time, but
for simplicity, all the model output for each time step are
given a common time stamp.

4 Results

4.1 Rain rate statistics

As DC events are identified by local maximum precipita-
tion, the statistics of RR in observations and the model are
of vital importance, as well as of general interest. Figure 2
shows different probability density functions (PDFs) of the
RR data used in the study. The rain rates in both the model
and TMPA show a monotonic decline in frequency going to-
wards the higher rain rates (top plot), but while TMPA re-
ports RR up to ≈ 70mmh−1. The highest precipitation in EC
Earth is ≈ 10mmh−1. This difference is partly explained by
the different spatial resolution for the two datasets, but a re-
sampling of TMPA to a resolution matching the model (green
curve) shows that the model indeed underestimates strongly
intensive rain. On the other hand, the frequency of light rain
is overestimated in the model and the average precipitation
is in fact higher in EC Earth (≈ 0.20mmh−1) than in TMPA
(≈ 0.14mmh−1). These numbers are consistent with the gen-
eral model tendencies found by Stephens et al. (2010).

The diurnal distribution is relatively flat (lower left), espe-
cially for light precipitation. However, a discernible pattern

emerges in the diurnal distribution of DC events. Events as-
sociated with a RR above ∼ 20mmh−1 are most frequently
around 06:00 and 18:00 LST (local solar time). This is in
agreement with Mapes and Houze (e.g. 1993), who found a
similar diurnal pattern between the intense convective clus-
ters and the very, or super, intense ones. Hence, the strongest
DC events are found in two “modes” 12h apart, a fact that
causes implications for the data averaging of the satellite data
discussed in the following section.

4.2 Averaging considerations

With the exception of the TMPA dataset, all satellites used
in the study are in sun-synchronous orbits. A sensor in an
orbit of this type performs measurements around the Equa-
tor at two fixed local solar times, 12h apart. This has the
consequence that if the DC centres were all found at a single
time, only time bins in steps of 12h would be sampled. Peak
convection is found for all local times and all time bins are
sampled, but with somewhat different density. This uneven
time coverage would not cause any systematic effect if all
DC events were identical, but this is not the case. As noted
in the previous section, the strongest convection tends to peak
at specific local times. This means that the time bins will be
more heavily influenced by either the weakest or strongest
DC events. That is to say, an aliasing effect is created be-
tween the sampling of the sun-synchronous satellites and the
diurnal cycle of convection, both having 12h repetition pat-
tern. This aliasing is illustrated in Fig. 1, where averages
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Fig. 2: Probability density functions (PDF) of precipitation over the central Pacific for the period 2007 to 2008. The top panel
shows TMPA (red curve), model (blue curve), and the TMPA dataset resampled to three times its native resolution (green
curve). The bottom left panel shows the TMPA probability density per local solar time (LST), while the bottom right panel is
the same but includes only the peak RR of the DC events used in this study.

from two different sensors are compared. For example, for
CERES onboard Aqua discontinuities in the time series are
seen at −12h, 0h and 12h, while for CERES/Terra this pat-
tern is shifted to −15h, −3h and 9h, consistent with the fact
that Terra has a 3h earlier ascending node.

Aliasing effects are much less pronounced in the results
of ZH09, despite that fact that they only used datasets from
a single sun-synchronous satellite (again TMPA excluded).
No attempt to recreate those results have been done. As can
be seen in Fig. 4, at the geographical centre point, a high RR
is maintained between at least −3h and 3h. In ZH09 the RR
data were analysed for each time bin in isolation (Sect. 3),
and it is likely that intensive convective systems were each
inserted as several DC events, that is to say, shifted in time.
If, for example, the repetition pattern would be −3h, 0h and
3h, this would roughly equal to performing a running average
of the data shown here with a filter width of ∼ 9h. The fact
that the area selected of ZH09 includes the Philippines, and
thus land-based convection with another diurnal cycle, can

also be an influential factor.
The two lower friezes of Fig. 1 confirm the assumption

that DC events with different peak RR affect the upper tro-
posphere differently. The decrease in OLR is much higher
for the strongest half of the DC events, both in maximum
decrease and areal coverage. Averages were also created for
different RR ranges (not shown). It was found that the mag-
nitude of the upper tropospheric impact follows the peak RR,
from modest impact on OLR for cases of < 5mmh−1 to the
strong effects seen in Fig. 1(c). A more elaborated inves-
tigation of this matter was done in ZH09, showing, for ex-
ample, that the relationship is reversed for humidity around
800hPa as the mean detrainment altitude decreases with peak
RR (ZH09, Fig. 8).

The two friezes, including both Terra and Aqua CERES
confirm that the aliasing effects are decreased if data from
multiple satellites are used with this method. This is unfor-
tunately the case only for a few variables.

Another aspect of the averaging is the required extent in
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time, latitude and longitude to fully encompass the upper tro-
pospheric responses. OLR is used for this analysis as this
variable (together with UTH) shows the broadest response,
and Fig. 3 displays OLR means spanning the complete time
and horizontal ranges considered in the performed data av-
eraging (±48h, 21° × 21°). The ideal situation is that the
average atmospheric state of the region is obtained at each
end of the time series. Figure 3 indicates that a starting point
earlier than ≤−36h is required to obtain this, as fairly con-
stant fields are obtained between −48h and −36h (the ex-
isting variation is probably mainly due to the aliasing effect
discussed above). However, a remaining pattern is seen at
48h, and an extension of the time coverage in this end could
be motivated.

No noticeable pattern appears at the latitude edges of
Fig. 3 and ±10° is a sufficiently large frame size in this di-
mension. According to Figure 1(c), ±6° is a bit too narrow
extent in latitude. The longitudinal extent of the OLR impact
is much larger. Towards east, 10° appears to be on the margin
to encompass the response, while towards west, not even the
maximum OLR change is found inside the domain. It is ei-
ther at or outside the longitude end point. The importance of
the fact that the response partially moves out from the spatial
domain covered is discussed in Sect. 5.1.

4.3 Spatial patterns

Examples on the spatio-temporal evolution of the different
variables considered are shown in Fig. 4. For better visual
inspection of the variables’ response, only a central part of
the data series are shown (±18h out of ±48h resp. 12° × 12°
out of 21° × 21°). For the variables where the most stable ob-
servational results are obtained, the deviations from a back-
ground state are also shown in Fig. 5. Deviations from a
reference state are frequently referred to as anomalies. The
background states are taken as the mean over the first 12h,
and are assumed to be constant in the longitude dimension,
but vary with latitude. More precisely, for each latitude, the
zero level for the anomalies are taken as the mean over all
longitude bins of the −48h to −39h time bins. In ZH09 the
overall mean (over all dimensions) was taken as the back-
ground state.

4.3.1 Observations

High RR means are strongly focused around the DC centre
points. Significant deviation from the background are con-
fined to ±6h, ±2° in latitude and ±3° in longitude. However,
this gives no actual confirmation of the spatial positioning of
intense rain, as the same dataset is used to identify the centre
points, and the maximum mean RR ends up by definition at
the latitude and longitude centre point and 0h.

An irregular pattern for the satellite derived UTH with a
24h cycle is identified in Sect. 4.4, but this feature is not dis-
cernible in Fig. 4 and displayed variation of UTH is smooth

in both time and space. This gives also a clear anomaly pat-
tern (Fig. 5). These results illustrate the advantage of having
several sensors at hand. For UTH, the number of satellites
used is four (Sect. 2.1.2). However, an equally relevant num-
ber is the number of distinct orbits (Sect. 4.2), which is only
three as NOAA-17 and Metop have close Equatorial pass-
ing times at ≈ 09:30. Note: In January 2008 NOAA-16 had
drifted to ≈ 16:30, from initially ≈ 14:00, and was about 3h
later than NOAA-18.

The situation is different for IWC and CF, these results
are “noisy”. Despite that CloudSat and CALIPSO provide a
high number of observations, the atmospheric volume sam-
pled is roughly three orders of magnitude smaller than for
the passive instruments (the swath width is 2km for Cloud-
Sat, while, e.g. it is 2300km for AMSU-B). Recall also that
IWC and CF are reported for a narrow atmospheric layer,
while the other cloud related variables (albedo and OLR) are
vertically integrated quantities. In total, this gives a much
smaller statistical basis for the averaging of IWC and CF,
than for the other variables. In addition, the time series are
also disturbed by aliasing, the CF and IWC are clearly lower
at −12h, 0h and 12h than for the adjacent time bins. This
is consistent with the pattern seen for OLR from the CERES
onboard Aqua in Fig. 1(a): relatively low CF and IWC give
a high OLR, and vice versa. The three satellites are all part
of the A-train constellation and perform measurements a few
minutes apart.

As expected from Fig. 1, the aliasing effect for products
derived from the two CERES sensor cause a relatively high
OLR for −15h and −12h and repeated in steps of 12h. The
same pattern appears for albedo, but with the opposite ten-
dency. For albedo the effective observation cycle is 24h per
sensor, as only daylight data are of relevance. However, the
aliasing effects are moderate compared to the size of the re-
sponse of the variables and clear anomaly patterns can be
derived.

4.3.2 EC-Earth

The compilation of model data is relatively straightforward,
as the model data are continuous in all dimensions. This has
also the consequence that no aliasing effects occur. Albedo,
however, is an exception as the derivation of this quantity
is limited to day time. This matches a sampling with a re-
peat cycle of 24h, which can explain the irregularities in the
albedo anomalies around −15h to −12h and 9h to 12h.

Even though satellite derived and model quantities can
share the same name, they are not necessarily directly com-
parable. One such example is IWC, where models tend to
only include “suspended” ice particles, to make a distinction
to precipitating ice, while present satellite instruments lack
the capability to determine the fall speed and cannot perform
this separation. However, no satellite sensor gives complete
coverage of IWC, either due to screening at higher altitudes
or low sensitivity to certain cloud types, see Waliser et al.
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Fig. 3: Outgoing longwave radiation (OLR) for CERES (top) and EC Earth (bottom). The frieze spans ±48h, but includes
only some selected time bins. The spatial size of each plot is 21° × 21°.

(2009) and Eliasson et al. (2012) for more extensive discus-
sions.

Issues of the type mentioned above have been considered
when selecting the satellite datasets (Sect. 3.2) and when ex-
tracting IWC from the model (Sect. 2.2). Beside a general
accuracy of the satellite retrievals, when comparing model to
satellite results in Fig. 4 one must consider that, while the
model UTH is a true overall mean, some satellite data have
been removed due to cloud interference, causing a dry bias.
On the other hand, non-detected cloud scattering gives a wet
bias. It is not known which of these effects dominate. Fur-
ther, for cloud fractions below ≈ 200hPa (reported below),
the satellite dataset is likely giving too low values, for rea-
sons discussed in Sect. 2.1.3.

4.4 Area mean variations

This section presents geographically averaged anomalies, to
provide a more quantitative view of the temporal change of
the responses. The domain size for this additional averaging
was set to 13° and 21° latitude and longitude, respectively. A
restriction in latitude, compared to the complete range cov-
ered (21°), was set in order to avoid including areas showing
smaller impact of the convection (Sect. 4.2). The evolution
of the development and decay of domain average anomalies,
over 96h, is shown in Fig. 6.

A 12h pattern is evident in the satellite derived anoma-
lies for OLR and CERES, already discussed in the section
above. This stronger averaging also brings forward a pattern
for the UTH time series. Relatively high anomalies are seen
around −30h, −6h, 18h and 42h, where each “peak” is 6h
wide and about 0.5 %RHi high. As noted above, the satel-
lite IWC and CF means are “noisy” and are higly affected
by aliasing effects, and the corresponding curves in Fig. 6
are highly oscillatory. These negative effects can partly be
removed by considering wider time averages, and in Fig. 7
results for 12h wide time bins are shown, also covering IWC
and CF at altitudes below ≈ 200hPa.

5 Discussion

5.1 Initial remarks

In comparison to an earlier and similar work (Soden, 2004;
Horváth and Soden, 2008, and ZH09), this study takes a step
forward by extending both the temporal and horizontal cover-
age. Maybe the most important aspect is the extension back-
ward in time, to obtain a more robust estimate of the back-
ground state. Those earlier studies started at −24h and the
results here show that the anomalies can have significant val-
ues already at this point. On the other hand, there exist stud-
ies following the detrained air over 5 days using trajectories
estimated by wind data taken from models (Luo and Rossow,
2004; Wright et al., 2009), but the analysis is restricted to the
period after peak convection.

The overall climate state could be relevant when compar-
ing the results in ZH09 with the ones presented here. ZH09
covered a period with consistently positive Oceanic Niña In-
dex (ONI): strongest in 2003 at ≈ 1.3 and weaker follow-
ing years (≈ 0.5). For the time period used here (2007 to
2008), the ONI was instead of a La Niña character with
a maximum of about −1.5 (http://www.cpc.ncep.noaa.gov/
products/analysis monitoring/ensostuff/ensoyears.shtml). It
is not unlikely that the convection to some extent changes its
properties between the phases of the El Niño/Southern oscil-
lation climatic cycle.

High mean RR in Fig. 4 is superimposed on a band of
lighter rain, extending roughly between ±3° in latitude. This
should reflect a climatological width of the ITCZ, and the
fact that the strong DC on average is centred with respect
to the ITCZ and follows its seasonal movements. The mean
background RR inside the ITCZ is ≈ 0.3mmh−1.

The RR anomalies for TMPA (Fig. 5) are slightly negative
between ±5° in latitude for −18h to 6h in Fig. 5, especially
on the Northern side. This is not necessarily a true decrease
in precipitation. The ITCZ shows some random meander-
ing, and the statistical width of the ITCZ between −48h to
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Fig. 4: Time friezes for six different variables. Time bins between ±18h are shown and the spatial size of each plot is 12° × 12°.
For each frieze pair, satellite data averages are found at the top and the corresponding model data is the row directly below. The
variables are, from the top: surface rain rate (RR), upper tropospheric humidity (UTH; mean RHi between 500 and 200hPa),
cloud fraction (CF), ice water content (IWC), albedo, and outgoing longwave radiation (OLR). Cloud fraction and ice water
content are shown for 200hPa.
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Fig. 5: Anomaly friezes, covering four different variables. The determination of background states is described in the text. The
variables are, from the top: surface rain rate (RR), upper tropospheric humidity (UTH; mean RHi between 500 and 200hPa),
and outgoing longwave radiation (OLR). All other aspects of the figure are as Fig. 4.

−39h before a given centre point is larger than the instan-
taneous one. The background state is then calculated for a
somewhat broader ITCZ, and the negative values can, at least
partly, be an effect of a statistically sharpening of the ITCZ
when moving towards 0h. Negative anomalies for UTH and
albedo, and positive ones for OLR, follow the same pattern,
and these values do not necessarily reflect true atmospheric
features.

In Sect. 4.2, a westward movement of about 10° in 48h
is identified, corresponding to ≈ 6ms−1. A westward move-
ment was also identified by ZH09. The movement should
be caused by a combined effect of winds and patterns of or-
ganised convective systems. The above motion is a mean
velocity, while the winds vary in strength and direction over
the region. The overall effect of these wind variations is that
the anomalies in Fig. 5 becomes geographically broader and
have a lower maximum value than would be obtained with
a corresponding (ideal) Lagrangian analyses. Even monthly

upper-level mean winds can at least be double the 6ms−1

velocity discussed above (see Horváth and Soden, 2008,
Fig. 3). Accordingly, for some of the DC events, air parcels
that are transported to the upper troposphere at 0h, can pass
a horizontal boundary at ≤ 24h, and, in fact, the edge of
the UTH anomaly pattern reaches the longitude boundary at
−10.5° around 18h (not shown). This has the consequence
that it cannot be expected that the complete response is found
inside the domain for time lags after 18h and affecting the
averages shown in Fig. 6 from this time and onwards.

5.2 Model performance

The latitude width of the band covered by significant mean
RR is about twice as high for EC Earth compared to TMPA,
but it is not sure that this shall be taken as the width of the
ITCZ inside the model. Judged by high mean IWC, EC Earth
exhibits an ITCZ across the Pacific Ocean that is as narrow
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Fig. 6: Spatially averaged responses to deep convection. The averaging is done over 13° in latitude and 21° in longitude,
centred around the derived DC positions. The background state (i.e. the zero level) is taken as the average over the same spatial
domain and the time bins between −48h and −39h (i.e. effectively mean over 12h). Solid lines represent satellite observations
and dashed lines EC Earth. The panels show, (a) albedo (black) and OLR (red), (b) UTH (green), a 12h moving average (green
line with dots), and RR (magenta), and (c) CF at 200hPa (blue) and IWC at 200hPa (yellow).

as that found by observations (Johnston et al., 2012; Li et al.,
2007; Eriksson et al., 2007). The upper tropospheric vari-
ables in Fig. 4 indicate also a mean width of the ITCZ sim-
ilar to what is seen in the observations. However, it shall be
noted that these results are for an uncoupled model version
and thus largely avoids the tendency of “double-ITCZ” found
in coupled model runs (Lin, 2007).

The model mean state inside the ITCZ deviates from what
the observations give, judged by result between −48h and
−39h (not shown), but can also be seen at −18h in Fig. 4.
UTH, IWC, cloud fraction and albedo are all too high. Con-
sistently, OLR averaged between ±6.5° latitude (as done for
Fig. 6) is ≈ 1.6Wm−2 too low, but outside this region, the
model is about ≈ 5.0Wm−2 too high. For IWC and cloud
fraction below 250hPa, the situation is reversed (Fig. 7).
Some comparable results are found in Johnston et al. (2012)
for the earlier 2.2 version of the model, and there are sig-
nificant differences. This version signifies a clear deterio-
ration for UTH, and the vertical IWC profile shows a dra-
matic change in shape (but none of the versions fit to obser-
vations). On the other hand, results for cloud fraction are
similar (albedo was not considered).

Despite the clear differences for what is considered the

background state in this study, the direct responses to deep
convection are treated fairly well. Both magnitude and tem-
poral extent of integrated anomalies in Fig. 6 are in general
agreement with the observations. However, differences exist
and the agreement is partly achieved by compensating errors.

The integrated RR anomaly for TMPA is more or less sym-
metrical around 0h, roughly exponentially declining. The
model’s anomaly is more asymmetrical, has a lower peak
value and is more oscillatory. This time series has secondary
peaks at −24h and 24h, indicating that the model has a diur-
nal repetition pattern for convection. There are hints for the
same feature in the observations, but, if existing at all, the
tendency for repetition is much weaker.

EC Earth’s 200hPa cloud fraction and IWC anomalies
show a secondary peak at −24h, and the shape of the time
series indicates an additional contribution by convection at
24h (Fig. 6). This seems to confirm a repetition pattern for
substantial convection in the model. A comparison to the
observations is difficult for Fig. 6, but Fig. 7 indicates good
agreement for both cloud fraction and IWC at 200hPa. How-
ever, below 300hPa the anomalies of these two variables are
strongly underestimated. This is consistent with the indica-
tions of too low detrainment at mid-levels for EC Earth v2.2
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Fig. 7: Vertical variation of spatially averaged responses of cloud fraction (left) and ice water content (right). The averaging is
done over 13° in latitude and 21° in longitude, centred around the derived DC positions (same as in Fig. 6). The mean profile
over the spatial domain and over the time bins between −48h and −39h are shown in the two top panels (a and b). These
profiles are taken as the background state, when showing the mean response during subsequent 12 h periods. Panels (c) and
(d) show satellite retrievals, while panels (e) and (f) cover EC Earth model data. The legends give the mid-point for each 12h
period.

reported in Johnston et al. (2012).

For UTH, the model shows an earlier increase, but a some-
what faster return back to a zero anomaly. The peak value
of the time series agrees with the observations, but the peak
occurs at least 6h too early. The early increase is consis-
tent with “pre-convection” occurring at −24h. The quicker
relaxation towards the background state, despite a possible
contribution from “post-convection” at 24h, could be caused
by too high downwards transport of humidity, either by rel-
atively local subsidence or ice particle sedimentation. An-
other possibility is too strong horizontal advection, moving
the humidity signature out of the spatial domain covered. In
any case, none of these mechanisms seems to explain the too
high UTH and cloud fraction of the background state, these
issues rather hints problems for the large scale subsidence.

A first remark about the OLR and albedo anomalies is that
a better agreement with the observations would likely be the
case if the model had considered convective precipitating ice
in the radiation scheme. This can be understood by noting
that in Fig. 4 the differences between observed and model re-

sults between −3h and 6h follow the pattern of model IWC at
200hPa. This IWC is concentrated in the convective core re-
gion and is thus dominated by the model’s convective precip-
itating ice category, which is not considered when calculat-
ing OLR (Sect. 2.2). Considering this omission, the model’s
integrated anomaly (Fig. 6) must be judged as satisfactorily.

For a model making the same partitioning between “sus-
pended” and “precipitating” ice as assumed for the Cloud-
Sat retrievals (2B-CWC), the mean impact of the discussed
omission for most convective areas was estimated by Waliser
et al. (2011) to be 5 to 10Wm−2. EC Earth’s OLR at the DC
centre point (0h) is about ≈ 50Wm−2 too high.

6 Summary and conclusions

For evaluation and continued development of climate mod-
els different approaches for confronting the model output
with observations are needed. In this first part of the study,
one such methodology is elaborated and initial results are
reported. Tropical deep convection (DC) is here in focus,



Eriksson et al.: Spatio-temporal impact of convection: Methodology 13

but the method should be applicable on all convection of lo-
calised nature.

Following ZH09 (Zelinka and Hartmann, 2009) and using
satellite rain rate (RR) retrievals, a centre point for each of
the most intense DC events inside the region is determined,
in both time, t0 and space, (x0,y0). This is followed by a pro-
cessing of data from a range of satellite sensors. Each satel-
lite observation, at (xs,ys,ts), contributes to the final average
for the relative time (Δt), latitude (Δy) and longitude (Δx)
bin encompassing (Δx,Δy,Δt)= (xs−x0,ys−y0,ts− t0).
That is, the satellite data are averaged according to the time
and geographically distance to the DC centre points, and this
can be denoted as an Eulerian approach.

For satellite retrievals providing profile information, the
averaging also involves vertical bins. The temporal bins are
3h wide, with −48h and 48h as first and last centre point.
The latitude and longitude bins are ≈ 0.7° wide and have
a total coverage of ≈ 21° in each dimension. As far as we
know, this is the first study setting the starting point before
−24h. It is shown that patterns related to the convection start
appearing around −36h. Hence, by going back to −48h a
more correct representation of the “background state” is ob-
tained.

The methodology can make use of all types of satellite
data, but several aspects are important for not introducing
additional complications for the comparison to model data.
A first aspect is cloud interference in retrievals. For exam-
ple, UTH (mean %RHi between 500 and 200hPa) was taken
from microwave sounders, instead of infrared ones, to avoid
the need to perform a cloud filtering of UTH model data.
Microwave UTH and many other data products, such as out-
going longwave radiation (OLR), vertically resolved ice wa-
ter content (IWC) and cloud fraction (CF), are only available
from sensors in (polar) sun-synchronous orbits. However,
the study identifies a drawback of using data gathered from
such orbits, an aliasing effect between the satellite sampling
pattern and the diurnal cycle of convection strength occurs,
causing an additional uncertainty in obtained time series in
form of oscillatory patterns. This aliasing effect decreases
in magnitude if data from different sensors can be merged,
assuming the datasets cover different local times, and would
be totally avoided if geo-stationary sensors are used (as they
give a ∼ 15min sampling).

As DC is intermittent, and, expressed coarsely, the im-
pact patterns do not follow Gaussian statistics, large datasets
are required to obtain stable statistical measures (here only
means are analysed, but higher moments could be consid-
ered). This gives an additional drawback to CloudSat and
CALIPSO, their ∼ 2km swath widths give a much smaller
atmospheric “sampling volume” than what is obtained by
passive measurements. An additional time averaging into
12h bins was required to obtain stable results. On the other
hand, the high vertical resolution of the two active instru-
ments is instrumental to understand the reasons to differences
between this and other studies.

For the comparison to observational data, the model data
are processed in a parallel manner, a much simpler procedure
as the model data have complete temporal and spatial cover-
age. An exception was found in albedo, as the restriction of
this variable to daylight conditions causes an aliasing effects
similar to the one originating in satellite averages. An impor-
tant strength of this method is that model deficits regarding
the geographical placement and diurnal timing of convection
can be circumvented by making a separate DC centre iden-
tification inside the model, using the model’s own RR data.
As climate models tend to strongly underestimate intense RR
(Stephens et al., 2010), which is shown to also be the case for
the considered model, comparable DC events cannot be se-
lected by a common RR threshold. Instead, it is suggested to
select a common range of sorted DC events. Here, both for
the model and satellite retrievals, the top 11000 cases were
selected.

This extension of the ZH09 methodology, when applied
to a climate model, enables to deduce and display the mean
atmospheric response to convection in a concrete manner.
For example, the mean horizontal extent of anomalies and
their magnitude can be ascertained, with directly compara-
ble satellite estimates at hand. This allows some quantitative
statements about the model, as given here for version 3 of EC
Earth. In the next part of the study, the methodology will be
applied more widely, including a set of models and consider-
ing different conditions (land/ocean).

Due to the nature of tropical DC, this data analysis brings
forward the mean state inside the ITCZ (Inter-Tropical Con-
vergence Zone). Inside the ITCZ, EC Earth is shown to have
a UTH about 10 %RHi too high and too low/high CF and
IWC below/above ∼ 250hPa. Even though these are clear bi-
ases, these are compensating errors with respect to OLR and
this bias for this variable is moderate (≈−1.6Wm−2 within
the ITCZ).

A traditional study just using straightforward averages,
such as Johnston et al. (2012), could catch the humidity and
cloud biases mentioned above, but can hardly help resolv-
ing the cause to the biases. A hypothesis laying near at hand
is that the response of the upper troposphere to DC is ex-
aggerated in the model, but this methodology shows clearly
that the main problems are found in some other part of the
model. In fact, the model is found to treat the essential re-
sponses in close agreement to the ones derived from obser-
vations, if anything, there is a too rapid relaxation back to the
background state. The main issue, among studied variables,
is an underestimation of the response of IWC and CF below
∼ 250hPa, but this has little impact on the OLR anomaly for
the region (the Pacific ITCZ) as the impact of these short-
comings are masked by clouds at higher altitudes.
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