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Abstract
This thesis concerns the microphysical properties of clouds made up of ice particles,
called ice clouds. Ice clouds are strong modulators of the outgoing longwave radiation
and incoming shortwave radiation, yet our knowledge on several key ice cloud properties, which govern the magnitude and sign of the net contribution to the Earth’s
atmospheric radiation budget, is inadequate. For instance, currently climate models
are far from consensus on the magnitude and spatial distribution of ice water path
(IWP), a vital radiative property of ice clouds, and the main property of concern in
this thesis. The large spread amongst the models in terms of IWP is mostly due to the
lack of constraints from observations on ice cloud properties. The lacking constraints
reflect the major difficulties faced in observing global ice cloud properties.
In-situ measurements provide useful sources of information on ice clouds, but are
far from adequate due to the sparseness of measurements. Cloud ice observations
from satellites provides a global view and is the most useful source of information.
However, measurements from satellites also carry large uncertainties and are notoriously difficult to use for model evaluation, due to a mismatch on how IWP is defined
in the models compared to what is actually observed. Not one satellite instrument
can measure ice particle information from the entire ice cloud column, as desired from
the model point of view. Satellite observations of IWP depend for the most part on
the wavelength spectrum the instrument measures in, hence the instruments measure
related, but different information on clouds.
A study addressing the satellite observed and modeled IWP is presented in the
first appended article: Eliasson et al. [2011]. Large differences between climate models
are observations, especially in areas with frequent deep convection, were reported and
discussed. The second appended article is a first evaluation study of cloud parameters,
such as IWP, in the EC-Earth climate model using satellite A-Train observations.
The model captures large-scale features for the most part but has problems related
to ice water content and cloud fraction. This is strongly linked to the treatment of
precipitation.
The thesis contains introductory chapters on ice clouds; their formation, radiative
importance, and representation in climate models. This is followed by a more in
depth chapter on the observational data. The different satellite techniques are then
discussed following a radiation physics and radiative transfer background section.
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Chapter 1
Introduction
Numerous publications and reports suggest that the Earth is undergoing climate
change (e.g., the IPCC fourth assessment report summary 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. The science community attributes
this to anthropogenic influences [Alley et al., 2007]. As climate changes, it influences
life on Earth. Regardless of why the climate is changing, animals and plants alike
must either adapt to the changing climate or meet their demise. Unfortunately, fully
understanding the natural processes that govern climate is very difficult due to its
complexity. The individual components in the climate system effect 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.

1.1

Greenhouse Effect

The climate is mostly governed by the natural greenhouse effect. Simple calculations with Planck’s law using the sun’s surface temperature and the distance to the
Earth reveal that the Earth’s global average surface temperature would be roughly
-18°C without the natural greenhouse effect. Of course, the natural greenhouse effect
works very differently than a ’real’ greenhouse where its name comes from. A traditional greenhouse works by creating a locally warmer environment by preventing
the air therein from mixing with the surrounding cooler air. By comparison, the
natural greenhouse effect, which sustains the Earth’s global average surface temperature at a habitable +15°C, works mostly through the so-called greenhouse gases in
the atmosphere which perturb the radiation budget. Greenhouse gases are molecule
species that absorb, and emit, radiation in the IR wavelength region where the Earth
emits nearly all its energy (see Fig. 1.1). The radiation budget is the net sum of
all the incoming and outgoing energy, and the radiation flux that leaves the Earth’s
1
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Figure 1.1: Figure by Robert A. Rohde, taken from http: // en. wikipedia. org/ wiki/
Absorption_ band .

atmosphere is called top of the atmosphere (TOA) 1 radiation flux.
The most influential greenhouse gas is H2 O, followed by CO2 , CH4 and O3 . As
can be seen in Fig. 1.1, H2 0 absorbs all radiation across wide bands in the IR range, as
do the other greenhouse gases. The absorption ranges of the other greenhouse gases
help to increase absorption, but only in the spectral ranges where the absorption due
to water vapor is not already 100%. [Boeker and van Grondelle, 1999, Chap. 2]
The greenhouse gases absorb and re-emit throughout the atmosphere until such
a height that the atmosphere is transparent at that wavelength. The reason why
this effect warms the atmosphere is due to the negative lapse rate of the troposphere
(which contains 95% of the atmospheric mass). The lapse rate is defined as the
∆T
change in temperature by altitude, ∆Z
, and is on average around -6.5°C/km (standard
2
atmosphere ). The higher the final layer, above which the atmosphere is transparent,
the colder the layer. As emissions correspond to its temperature, the radiation loss
from the Earth system is decreased [Gettelman et al., 2000].
Water vapor in the upper troposphere is crucial for the radiation budget as this
altitude generally determines the amount of radiation emitted out to space [Alley
1
2
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et al., 2007]. We therefore use Upper Tropospheric Humidity (UTH) to reference to
water vapor in this region. Specifically, UTH further refers to relative humidity unless
otherwise stated. UTH has a net warming effect on the Earth’s climate, and will be
discussed further in Sect. 2.6. Additionally, constituents other than greenhouse gases,
such as clouds and aerosols influence the radiation budget and must be considered.
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 instead [Lohmann et al., 2010].
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 part on its altitude. Low- and middle-level clouds have a total cooling effect
on the climate, while upper-level clouds, cirrus, may mostly have a warming effect
Khvorostyanov and Sassen [2002]. Meridionally, clouds generally heat the atmosphere
and cool the surface at low latitudes and to an almost equal degree cool the atmosphere and warm the surface at high latitudes [Stephens, 2002]. Clouds are described
later in Chapt. 2.

1.2

Climate Models

This section is partly based on Peixoto and Oort [1992, ch 17.] Climate models
simulate natural processes, such as those that effect the atmospheric radiative budget. Some main components in a climate model are the influence from the Sun,
atmospheric dynamics, thermodynamics and radiation transport. Climate models
are designed to calculate or extrapolate changes of natural variables long into the
future.
Modeling the climate system is computationally very expensive if all the known
climate processes are resolved, especially considering the long times scales required
for climate prediction studies. Therefore, in order to achieve results in reasonable
time, climate models must simplify the calculations and therefore parametrize several
processes, and use larger grid and time steps for each calculation. Climate models are
therefore generally coarser in their spatial and temporal resolution and rely on more
rudimentary representations of natural processes than other models, such as weather
models or cloud resolving models do. These models can afford higher resolutions and
more realistic representations of atmospheric processes because of their smaller scope
requirements.
Importantly, climate models are the main tools that can be used to attempt to
predict the changes to the climate. For example, they can be used to assess the influence of individual atmospheric parameters on the climate system, such as assessing
the impact of a CO2 increase on other components of the climate system. The global
average surface temperature is one such component, and global warming is in reference to this quantity. Such model predictions of likely climate change outcomes may
be helpful for mitigation and planning.
The latest generation of climate models are much improved compared to their

4
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predecessors. This is due partly to the increased knowledge on Earth system processes
and their interactions (e.g. atmospheric and oceanic), and on the experienced gained
from earlier models. Computing power has also increased dramatically, facilitating
smaller time steps and finer grid representations of Earth system processes. This
allows for more realistic and complex calculations of single processes.
The models are in good agreement with each other in terms of net TOA radiative flux, a fundamental quantity that is relatively easy to verify with measurements
[Smith et al., 1994]. Inside the atmosphere, the models are in fairly good agreement
on many radiative parameters that are also fairly easy to measure, such as surface
temperature. However, the models strongly deviate from each other on the distribution and magnitude of radiative forcing from different parameters that we know less
about, such as clouds, aerosols and UTH (see results in Paper. 4.1.1 and Paper. 4.1.2).
How the models deal the multi-layered clouds is also of utmost importance as the degree of cloud overlapping in the model dominates the magnitude and vertical profile
of the radiative heating [Stephens et al., 2002]. The agreement on TOA radiative flux
combined with the disagreement of cloudiness 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, e.g., Fig. 5].
The models are inevitably limited by our currently insufficient understanding of
key elements of the Earth system such as clouds and UTH. According to Alley et al.
[2007], clouds remain one of the climate constituents we know least about, where the
level of scientific understanding is low (see table 2.1.1 therein). As a consequence
of the large uncertainty of clouds, the models strongly deviate from each other in
predicting cloud properties e.g. cloud mass (see Paper. 4.1.1). The uncertainty in
UTH is similarly reflected in its deviation between the climate models, especially in
response to CO2 doubling [Soden and Held, 2006]. However, since the spread between
model predictions is due to their different parametrizations, the spread itself can serve
as some kind of prediction uncertainty.

1.3

Cirrus in Climate Models

Climate models are constantly increasing their complexity and striving to replace
parametrized processes with modeled processes or better parametrisations where feasible. In modeling cirrus there is a trade-off between computational expense and the
degree of physically realistic representations of known cirrus processes that is desired.
As the current knowledge on clouds continues to be inadequate and because the most
important goal of a climate model is to model the correct energy budget, a correct
energy budget is often achieved at the expense of realism of the modeled cloudiness
[Sundqvist, 2002]. Sundqvist [2002] states that until substantial improvement of our
understanding of the behavior of clouds is achieved, the bulk amount of cloud ice is
to be used as a dependent variable (prognostic variable).
DelGenio [2002] summarizes some of the major problems models face generating
cirrus clouds. In the models, the processes that generate ice clouds are poorly resolved.

1.3. Cirrus in Climate Models
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Especially in the tropics, synoptic scale cirrus and water vapor are initially generated
from chaotic micro-scale processes at the boundary layer, for the most part. Such
small scale processes must be parametrized, which causes large uncertainties.
Aside from the generation processes, also the transport of water vapor through the
vertical layers is essential to cloudiness in the upper troposphere. This process is also
problematic to model, mostly because the water vapor amount at these altitudes is
very small. If models have too few layers they will have problems resolving such strong
gradients of water vapor concentrations. [DelGenio, 2002]. DelGenio [2002] states
that even small errors in the modeled vertical transport of water vapor through its
layers can induce large errors in instantaneous UTH. As a result, global models often
fluctuate between extremely dry and supersaturated conditions at high altitudes,
producing bimodal distributions of high level cloud cover with peaks near 0 and
100%.
The formation of ice cloud particles in the model depends on the relative humidity,
but also the availability of condensation nuclei. Therefore, incorrect assumptions on
the aerosol content will cause the model to overestimate or underestimate cloudiness
[DelGenio, 2002]. As aerosols in the upper troposphere are not well understood, the
aerosol component introduces additional uncertainties [Lohmann et al., 2010].
The modeling process itself is further hampered by the problem of ice particle fall
speed. Jakob [2002] describes that modeling particle fall speed is a problem. Firstly
many climate models use one ice particle fall speed per grid box. These grids are
often several hundred kilometers across and hundreds of meters thick. This is quite
unrealistic as in reality the particles have many different sizes, hence fall speeds.
Secondly the distance the particles fall in one time step is typically much larger than
the depth of the model layers: v∆t >> ∆z, which creates a numerical instability in
the model.
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. At each time step the
precipitation is removed instantly, either sublimating in lower model levels or reaching
the ground, while the floating ice particles remain as clouds [Waliser et al., 2009].
Since the model separation, based on particle size, is artificial and such distinctions
can not be made in observational datasets, measured and observed IWP are not
the same quantity. Therefore constraining model IWP by validation against satellite
observations is very difficult Waliser et al. [2009], Eliasson et al. [2011]. Progress is
been made on this front using satellite simulators [Klein and Jakob, 1999, Haynes
et al., 2007]. Satellite simulators use the model output and simulate a measurement
directly, removing some of the uncertainty in model validations. However, as long as
precipitation-sized ice particles continue to be discarded from modeled clouds, model
to observation comparisons will remain ambiguous.

6

1.4

Introduction

Aim of Thesis and Project

The main focus of the research project is to help reduce the large uncertainties related
to ice clouds using satellite measurements. Basically, not one instrument can measure
ice particle information from the entire ice cloud column, which would be ideal for
models validations. Retrievals of cloud bulk properties such as IWP are essentially
mostly dependent on the instrument used. Each instrument is based on different
wavelengths, and therefore measures related, but different information on clouds (see
Fig. 2.1). Ideally, I would like to combine the cloud information from the spectrum
of available satellite observations for a more complete cloud information that can be
used to constrain climate models.
To reiterate the background to the thesis, climate models are the best tools in
the quest to better understand and predict climate changes, e.g. to understand the
ramifications of anthropogenic greenhouse gas emissions. In a changing climate the
net radiative forcing from clouds will depend on changes in the occurrence of the
different cloud types and changing cloud optical properties [DelGenio, 2002]. The
poorly constrained ice cloud parametrisations are a direct reflection of the difficulty
in observing these clouds, and ultimately more observations and better understanding
of these clouds is the only way to improve the situation. Papers 4.1.1 and Paper. 4.1.2
addresses the issue.
This thesis first presents a background on ice clouds and UTH and their radiative impact. This is followed by more detailed descriptions of the common satellite
retrieval techniques. As this thesis concerns water in the upper troposphere, the
clouds of interest here are high clouds, which mainly consist of ice. Papers 4.1.1 and
Paper. 4.1.2 are two investigations of the observed and modeled distributions and
properties of ice clouds and humidity in the upper troposphere (see Chapt. 2). Paper. 4.1.2 uses the abbreviation UTW for Upper Tropospheric Water to name both
cloud condensate and water vapor in the upper troposphere, and it is also used in
this thesis to describe ice water path (described in Sect. 2.2) and UTH together as
one quantity.

Chapter 2
Upper Tropospheric Water

As stated in Stephens [2002], clouds vertically redistribute the absorbed energy
from the surface through different cloud layers in the atmospheric column. This redistribution is entirely concealed in the view provided by TOA fluxes alone. The
radiative forcing induced by clouds varies between cloud types based on their water
phase, altitude and cloud 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. Ice particles are commonly categorized as columns, plates, bullet-rosettes, aggregates, depending on the
environment they were formed in. Only the smallest ice particles can be regarded as
spherical or quasi-spherical [Korolev and Isaac, 2003].
Currently our knowledge of ice clouds is insufficient. Ice clouds are the cloud types
we know least about and are probably the most complicated since they are made up of
crystalline shaped ice particles, compared to liquid clouds which are made up of mostly
spherical droplets. However, the main reason for the lack of knowledge is the difficulty
in attaining adequate measurements of ice particles. Notably some progress has
been made over time. For example, many in situ campaigns have provided valuable
information from aircraft-borne instruments on the particle size distribution (PSD),
number concentration (PNC), and particle shapes in ice clouds (see Sect. 2.2). In situ
campaigns are the only means of achieving detailed pictures of ice crystals in their
natural habitat, but such campaigns are very localized and few. The measurements
from the clouds at the in situ campaigns may not be comparable to clouds formed
at other geographical regions or formed in different mechanisms [e.g., Cooper and
Garrett, 2010].
In order to make progress on understanding ice clouds, the amount of data must
increase and the data must have more global coverage. Currently the only way to
obtain global information on ice cloud properties is via satellite measurements. This
is, however, at the cost of detail. Microphysical properties such as particle shape
cannot be resolved from space, and in fact such quantities are parametrized in order
to retrieve other important cloud properties from satellite measurements. This is
7
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RADAR
Passive MW
IR+VIS
IR only
LIDAR

Figure 2.1: Schematic overview on what part of a cloud the main satellite techniques are
sensitive to. This is figure 1 from Paper. 4.1.1

discussed further in Sect. 2.2. There are many remote sensing approaches used to
observe clouds from space, either using passive instruments, such as radiometers,
or using active instruments such as cloud radar. Each satellite instrument uses a
certain technique on a finite radiative spectrum range, and no single instrument can
measure the entire cloud column. The existence of several cloud datasets based on
several different remote sensing approaches is an advantage, because one may carefully
combine their retrieved cloud information for a more complete cloud picture. This is
illustrated in Fig. 2.1 and discussed in detail in Paper. 4.1.1.

2.1

Importance of High Ice Clouds

High ice clouds are commonly split up into several cirrus cloud types. According to
the cloud type definitions from ISCCP1 , ’high clouds’ applies to all clouds that have
a cloud top pressure lower than 440hPa. 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’ further refers to high clouds in this thesis.
The importance of high ice clouds to the radiation budget has already been discussed in Sect. 1.1. These clouds modulate the radiation balance by reflecting incoming solar radiation, hence decreasing the incoming shortwave, and by absorbing
and remitting IR radiation, hence decreasing outgoing longwave radiation. The net
1
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Figure 2.2: Images depicting the ice particle shapes as a function of temperature collected
during the FIRE-II in situ campaign. Image taken from http: // www. ssec. wisc. edu/
~ baum/ Cirrus/ MidlatitudeCirrus. html .

effect a cloud has on the radiation budget depends on its altitude, i.e. temperature,
and how transmissive it is. High clouds are particularly important cloud types because they can induce either a net radiative heating or cooling, depending on their
microphysical characteristics. 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 Earths surface, and as mentioned earlier, clouds absorb much of the outgoing
terrestrial radiation. For instance, Stephens et al. [2002] found that high clouds in
the tropics heat the atmosphere by more than 80 W/m2 .
Their transmission and absorption properties both have a net positive contribution
to the radiation budget, therefore thin cirrus clouds warm the climate. This is most
pronounced at tropical latitudes where the contrast between cloud temperature and
surface temperature is largest. For high clouds that are optically thick, atmospheric
warming due to absorption of terrestrial radiation is compensated by an almost equal
cooling at the surface because a significant portion of the incoming solar radiation is
reflected back to space [DelGenio, 2002].

10
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Figure 2.3: 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]

2.2

Ice Cloud Microphysics

The large uncertainty in modeling ice clouds is mainly due to complexity of ice cloud
particle shapes and sizes [Heymsfield and Miloshevic, 2002] (see Fig. 2.2). Particle
shape is a complicated function of temperature, humidity, individual particle history,
and geographical region. The images in Fig. 2.2 are taken on two separate days and
they show a particle size to cloud ambient temperature relationship of stratiform midlatitude cirrus clouds. Although particle size and shape is somewhat correlated with
the ambient temperature of the cloud layer, the figure shows that individual clouds
have differing microphysical properties at the same temperature for two different days
[Heymsfield and Miloshevich, 1995].
However, with regards to other important microphysical properties, as revealed
by Heymsfield and McFarquahar [2002], the particle number concentration and the
particle extinction is completely uncorrelated with ambient temperature and varies
greatly from campaign to campaign (see Fig. 2.3). This may additionally be a consequence of the different measurement and analysis techniques that were used for the
different campaigns [Stubenrauch et al., 2004].
Cloud fraction (CF [%]) is commonly reported by models and is measured from
satellites. CF is simply the fraction of measurements that have a cloud signature
compared to the measurements deemed to be cloud free. The retrieved values of
these quantities will vary depending on the instrument limitations, but also to some
degree on the assumptions made in the retrieval (see Chapt. 3). Particularly, CF
retrievals are highly dependent on the instrument sensitivity to (thin) clouds and its
spatial resolution.
Other key ice cloud microphysical quantities derived from satellite retrievals are
effective radius (re [ µm]), cloud visible optical thickness (τc [dimensionless]), ice water
content (IWC [g m−3 ]), and ice water path (IWP [g m−2 ]). Their formal definitions
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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
that a spherical ice particle of the same mass as a non-spherical particle would have.
The maximum dimension is by definition always larger than the equivalent spherical
radius [Jarret et al., 2007, task 1.]. The entire spectrum of particle sizes can not
be adequately measured and has to be simulated. Nonetheless, it can be estimated
from satellite radiance measurements (see Chapt. 3). The formal definitions of the
aforementioned cloud microphysical properties are described below:

2.2.1

Effective radius (re )

Effective radius is used to describe the average cross-sectional size of particles in a
cloud (or particles of a cloud layer). Formally, re is the weighted mean radius of a
particle size distribution of ice particles, where re pertains to the mass equivalent
spherical radius. It is defined [e.g., Austin and Stephens, 2001] as:
Z ∞
r3 n(r) dr
0
re = Z ∞
(2.1)
r2 n(r) dr
0

where n(r) is the number of particles with a radius in the range r → r + dr per unit
volume. The uncertainty in re retrievals is dominated by the uncertainty introduced
by particle shape assumptions. Importantly, even for particles with the same re , their
radiative properties vary depending on the shape of the ice crystals. For instance,
Posselt et al. [2008] showed that the retrieved re (and IWP) can vary by a factor of
two depending on which particle type is assumed. Kristjánsson et al. [2000] showed
that the use of more realistic ice crystal shapes in models makes a difference of 10
W m−2 in the shortwave radiation balance and a 25 W m−2 difference in the longwave
radiation balance.

2.2.2

Cloud visible optical depth (τc )

Cloud visible optical depth is a unitless measure of how much solar radiation is
prevented from transmitting through the cloud. It is defined [e.g., Heymsfield et al.,
2003] as:
Z z2
τc =
σ(z) dz
(2.2)
z1

where z1 and z2 are the cloud base and top height respectively and σ(z) is the extinction coefficient for solar radiation as a function of height. τc and re are crucial
elements for the accurate determination of cloud radiative bulk properties [Cattani
et al., 2007].
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2.2.3

Ice water content (IWC) and ice water path (IWP)

IWC is the total mass of ice in a unit volume of cloud. Formally for spherical ice
crystals it is defined [e.g., Heymsfield et al., 2003] as:
Z ∞
N (r)m(r) dr
(2.3)
IWC =
0

where N (r) is the number concentration of particles with a radius, r, and m(r) is
the particle mass as a function of radius. For a probably more realistic depiction of
ice particles, IWC can be defined for an ensemble of non-spherical particles such as
described in Baran et al. [2010]. Retrievals of IWC from passive nadir viewing instruments is not possible, instead IWP can be retrieved. IWP is the column integrated
IWC through the depth of the atmosphere and therefore can be readily calculated
from IWC by:
Z z2
h g i
IWP =
IWC(z) dz
(2.4)
m2
z1

IWP can be empirically related to τc and re , and satellite retrievals of the IWP are
often retrieved using one or both of these quantities (see Chapt. 3). Cloud radiative
properties, such as albedo and total transmission, depend almost exclusively on τc
and re , hence IWP [Nakajima and King, 1990, Stephens, 1978].

2.2.4

Problems

Determining the net radiative effect of all cirrus clouds remains fraught with challenges as their microphysical 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. High clouds are also directly linked to UTH,
where the detrainment of ice clouds increases the UTH of the surrounding air [e.g.
Chung et al., 2004]. For instance, according to DelGenio [2002], thin high clouds
(defined as τc < 3.55 and above 400 hPa) are the only cloud types with a net positive
TOA radiative effect.
Until recently cloud particles smaller than an re of 25-50 µm could not be measured
by in situ measurements. This is problematic especially because recent measurement
campaigns indicate that the ice particle size distribution is bimodal and the node with
smaller particles is centered at or below re = 10 µm [Cooper and Garrett, 2011] (see
Fig. 2.4). Coupled with the finding from Stephens et al. [1990] that the net radiative
effect from clouds is negative, i.e. greenhouse cooling, if the assumed particle size
re <24 µm and positive for larger particles2 , this means that the most radiatively
important ice particles are not resolved by instruments that can not measure particles
smaller than re = 50 µm.
2

From simulations, with fixed assumptions on particle shape
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Figure 2.4: From Cooper and Garrett [2011, modified Fig. 5]: In-situ measurements of a
bi-modal ice particle size distribution found for a fair weather cirrus cloud from the recent
Small Particles in Cirrus (SPartICus) field campaign.

Additionally, the size of the ice particles varies in the vertical. Therefore, re
varies from layer to layer, so that a cloud can have both a warming and cooling
effect depending on which layer is studied. The particle’s orientation also influences
its radiative properties. 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 effects 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 not possible. As a consequence, general assumptions on ice particle
microphysics give rise to large uncertainties [e.g. Zhang et al., 2009].

2.3

Cloud Classes

Clouds are classified into classes according to World Meteorological Organization
(WMO) standards [Lynch, 2002]. The clouds are classified purely on their morphology
as seen during daytime from experienced weather observers. Following is a brief
description of ice clouds in terms of cloud classes. High ice clouds are either of the
type cirrus, cirrocumulus, cirrostratus, or sub-visible.
Cirrus (ci) can appear to have ’tails’ or be of a comma-like shape. This cloud
shape is formed when the ice particles are large enough to have sizable fall speeds.
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
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radiative impact. Cirrocumulus (cc) appear to have ripples, or be made up of small
balls. The form of these clouds is due to local convection within the cloud. The thin
version of cirrostratus (cs) is a fine layer of relatively homogeneous ice cloud. These
often cover large areas, thus having a sizable impact on the radiative budget. A halo
can sometimes be seen around the sun, and this indicates a thin cirrostratus cloud
deck overhead. Frontal clouds in the mid-latitudes often contain thick cirrostratus
clouds. Such clouds can be hundreds of kilometers across, and therefore also have
a strong radiative effect. Sub-visible cirrus clouds are too thin to be seen from the
ground by observers or by passive sensors3 , but can be detected by aircraft and lidar
[Lynch and Sassen, 2002].

2.4

Cloud Formation

When air ascends it cools adiabatically whilst retaining its specific humidity. As
water vapor saturation pressure is a function of temperature, the relative humidity
will increase until saturation is reached for the ascending air. If aerosols that may
act as condensation nuclei are available, droplets will form and a cloud is formed. As
the air continues its ascent it will cool further and the cloud droplets will start the
transition from liquid phase to ice phase. A cloud may be liquid, mixed or ice phase
if its temperature is between 0 and -40°C [Rogers and Yau, 1976], where the liquid
water or ice particle number ratio increases with decreasing temperature.
When the Earth’s surface heats up due to incoming solar radiation, the atmospheric 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 which do not grow sufficiently high to reach the freezing altitude,
due to stable atmospheric layers blocking any further ascent. Sometimes, given sufficiently favorable conditions, the convective clouds can grow into thunderstorms which
contain cloud droplets below the freezing level and ice particles above it.
Such convective systems always generate ice clouds, and the ice particles mostly
consist of ice debris that spread out from the convective parts of the storm. Such
ice clouds can be very widespread [Heymsfield and McFarquahar, 2002]. Heymsfield
and McFarquahar [2002] states that ice clouds in the Tropics are thought to primarily
arise from these storms and due to their high altitude and large vertical and horizontal
extent, they have a substantial impact on the radiation balance. Convective storms
have a life time of about 30 minutes to more than 1 hour, whilst some thunderstorms
may develop into mesoscale convective systems which can last many hours.
At mid-latitudes, cirrus are primarily generated in cyclones with frontal systems
and in the jet streams [DelGenio, 2002]. These systems can be vast in area extending
over several hundreds of kilometers altering the surface and atmospheric radiation
3
Passive limb sounders may detect sub-visible cirrus due to the viewing geometry, which leads to
increased optical depth
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budget. Their geographical location and condition for cyclogenesis are largely governed by Rossby waves. Clouds are formed at fronts when warmer (less dense) air is
forced upward by cooler air.
Clouds can also be formed through orographic forcing. 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 enough so that the relative humidity reaches
saturation. Such clouds may appear quasi-stationary as they appear to remain on
the downwind-side of the mountains. This is the effect of the saturated air warming
adiabatically as it descends down the lee-side of the mountain, to the point of subsaturation, evaporating away the clouds, and being replaced by ascending air on the
windward-side, which generates new clouds. 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 also creates lee
waves behind the mountain range if the atmosphere is stable. Cirrus may then form
in the ascending part 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].

2.5

Ice Particle Formation

Ice particles can be found in clouds colder than 0°C. Ice particles are formed in saturated environments either heterogeneously or homogeneously. Heterogeneous formation refers to ice particles formed by deposition of water vapor 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 threshold for homogeneous
freezing of ice particles was shown by Earle et al. [2010] to be mainly between -36
and -38°C, yet Rogers and Yau [1976] reported -40°C as the limit for homogeneous
nucleation
The presence of ice particles greatly depends on the presence of ice nuclei. Water vapor may reach supersaturation levels in the absence of ice condensation 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
between -15 to -30°C can be mixed or liquid phase [e.g. Eliasson et al., 2007]. However, usually clouds colder than -15◦ contain mostly ice particles and the process of
completely converting the cloud to an ice cloud is fast at these temperatures.
This quick conversion is partly due to increased rate of heterogeneous nucleation
for decreasing temperature [Rogers and Yau, 1976], but also because ice particles
starve the liquid water droplets of water vapor. 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. This is known as the Bergeron-Findeisen process
[Wallace and Hobbs, 1977]. Therefore ice particles are always in a more favorable
environment for growth as the air is always supersaturated with respect to ice as long
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as it is saturated with respect to liquid. The mechanism of ice particle nucleation
where the temperatures are colder than -40°C is mostly homogeneous [Hallett et al.,
2002]. Therefore, cloud particles colder than -40°C are presumed to be ice.
The continued growth of an ice particle depends the amount of available water
vapor or liquid water nearby. Since latent heat is released in the particle building
process, 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].
Small ice particles grow primarily through diffusion of water vapor to the ice crystal
surface. As the ice particles continue to grow their fall speed increases, allowing them
to escape their latently heated environment easier, further promoting growth. The
warmer atmospheric layers also have more available water vapor for continued growth.
As the ice particles continue to grow and increase their fall speed, the likelihood of
collisions with other ice particles increases. 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 favorable for ice crystal growth and may favor certain
shapes over others. If the particle grows large enough to collide and join with other
particles that also are a product of their own history, the resulting shape will be more
complex. Ice particles in convective clouds may be very irregular. Colliding particles
have often originated from different environments, and a single particle may visit
many environments relatively quickly, because it has been turbulently displaced many
times. If a liquid particle collides with an ice particle, it may instantly freeze on the
surface, riming the ice particle. 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 updrafts. These are typically
thunderstorms.
There are some important differences between ice clouds associated with convection and with stratiform ice clouds, such as associated with frontal clouds. Stratiform
clouds are more homogeneous in the horizontal structure in terms of size, shape and
orientation, because they are in an environment of more or less gradual ascent. Ice
clouds associated with convection, on the other hand will have a more diverse composition of ice particle shapes and sizes. Ice clouds in convection may also contain
some super cooled liquid cloud droplets, even at high altitudes, because they can be
quickly transported in updrafts within the storm cloud. Horizontally such ice clouds
will also differ from stratiform ice clouds. 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
center.

2.6. UTH
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UTH

UTH is a general term for the relative humidity in the upper troposphere. For example Soden and Bretherton [1993] defined it as an approximation of the average relative
humidity in the atmosphere between 500 and 200 hPa. Water vapor is a strong absorber in the infrared region with an intense rotation band covering the 25-200 µm
wavelength range and a strong vibration band centered at 6.7 µm [Gettelman et al.,
2000]. Water vapor is more important to the radiation budget at high altitudes than
low altitudes because the altitude of the maximum emission from water vapor occurs
where the optical depth, integrated from the top of the atmosphere, is equal to one,
and that altitude is in the upper troposphere [Wallace and Hobbs, 1977].
UTH is highly variable. In the tropics, water vapor mostly enters the upper
troposphere by convection and the diurnal cycle of UTH is thus highly correlated
with the occurrence of deep convective clouds [Soden, 2000]. The source of UTH at
mid-latitudes is mostly from water vapor which is transported from lower levels to the
upper troposphere by frontal systems. In general, regions with the highest occurrence
of clouds also have the highest UTH. However, detrainment from the clouds is likely
not a major source of UTH, since the amount of upper tropospheric water vapor
[gm−2 ] is an order of magnitude larger than IWP [John and Soden, 2006], but clouds
have been shown to at least slow the drying of the upper troposphere [Soden, 1998].
UTH can be retrieved globally from satellite measurements from passive sensors at
the mid infrared wavelengths and in the microwave spectral range. UTH retrievals
were made by Soden and Bretherton [1993] using the water vapor band centered at
6.7 µm from the GOES satellites. UTH retrieval was successfully made by Buehler
and John [2005] using measurements from the AMSU-B instrument with a channel
centered at the 183 GHz water vapor line. Retrievals based on either technique are
possible because the channels in question are both very sensitive to water vapor in
this altitude region.
There is a notable disadvantage when composing UTH climatologies from retrievals based on IR instruments (e.g. 6.7 µm), as the measurements quickly become
opaque in the presence of clouds, disturbing any signal originating from below the
cloud [Soden, 2000]. The cloud contaminated measurements can not be used for the
retrieval and are removed from the data (cloud clearing). Clearly, the presence of
clouds signifies that UTH at the removed measurement location is high. Therefore,
by clearing away cloud tainted measurements, a dry bias is inevitably introduced into
such a dataset [Soden and Bretherton, 1993, John et al., 2011]. Microwave measurements are on the other hand mostly insensitive to the clouds, except for very thick
clouds and therefore a dry bias need not be introduced. The advantage with UTH
retrievals from IR instruments of microwave instruments is that the IR UTH data
records are much longer and primarily from geostationary satellites, which makes it
much easier to resolve the diurnal cycle of UTH.
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Chapter 3
Observation Techniques

After presenting the findings from Paper 4.1.1 at the 2010 EGU 1 conference,
I was invited to give a general review talk on ice particles at the GEWEX-CA2
workshop in Berlin. This talk was then subsequently given again the following week
at IRF3 in Kiruna, Sweden. The audience at the GEWEX CA meeting consisted,
among others, of representatives from many different science teams, each specialist of
different satellite cloud remote sensing techniques.
My talk provided a general overview on the common retrieval techniques, and
summarized some results from a subset of articles4 , that have recently tackled some
important issues and problems that many retrievals are faced with. This chapter
will be presented in a similar light. Thus far my work does not entail any retrieval
development, therefore I will not go into too much detail on any particular instrument
or retrieval technique.
This project has consisted of combining knowledge gained on ice water path from
several observational datasets. Each dataset is based on different measurement techniques or retrieval methods. In parallel, satellite observed IWP was compared to the
models used in IPCC AR4 (see Sect. 4). We also assessed UTH, cloud amount, and
outgoing longwave radiation (OLR) from several satellite observational datasets and
compared these quantities to the EC-Earth model (see Sect. 4). A general physics
overview and short description of radiative transfer is given to provide some background before discussing the separate measurement and retrieval techniques. This
is followed by sections that provide an overview on cloud property retrievals from
passive satellite instruments from microwave, infrared, and combined infrared and
visible retrievals. This is followed by a section on cloud property retrievals from active instruments and finally a section giving an overview on the differences between
the retrievals and what caveats must be taken into account when comparing retrievals
1

European Geophysical Union
Global Energy and Water Cycle Experiment - Cloud Assessment
3
Institute of Space Physics
4
[Zhang et al., 2009, 2010, Posselt et al., 2008, Eliasson et al., 2011]
2
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from different instruments.

3.1

Physics of Ice Cloud Retrievals

Retrieving cloud property information via passive satellite remote sensing usually
starts by translating instrument detected radiation at certain wavelengths into brightness temperatures (Tbλ ) [K] (will be described shortly). This section gives a brief
overview of the general electromagnetic physics that all satellite retrievals of cloud
properties are ultimately based on. Firstly, fundamental radiative relationships are
discussed. This is then followed by a general description of the radiative transfer of
electromagnetic waves as they traverse from a source to a satellite sensor. Most of
the background in this section is inspired by books, Rees [2001], Karlsson [1997], and
Wallace and Hobbs [2006].

3.1.1

Radiation

Ultimately all passive remote sensing techniques measure either thermal radiation
from some source or solar radiation. In order to quantify radiation from objects at
certain temperatures, their radiation is often related to the radiation that a black
body of the same temperature would have. This temperature is called brightness
temperature (TBλ ) and is derived below starting with the definition of a black body.
Black bodies are ideal emitters/ absorbers (see (3.2)), that emit/ absorb a well defined
amount of radiation at all wavelengths5 . This spectral radiance from a black body at
a particular wavelength and temperature was calculated by Max Planck (1858-1947)
using quantum mechanics:
Lλ,p (T ) =

2hc2


hc
λ5 e λkT − 1


(3.1)

where, Lλ,p (T ) is the spectral radiance at temperature, T , λ is the spectral wavelength,
h is Planck’s constant, c is the speed of light, and k is Boltzmann’s constant. The
total radiance of a black body at a certain temperature is then:


Z ∞
W
Lp (T ) =
Lλ,p dλ
sr m2
0
No objects are ideal black bodies, although for some ’objects’ such as the sun, it
is usually satisfactory to assume that it radiates as a black body. Therefore emissivity is defined as the ratio of emitted radiance intensity of an object to that of the
emitted radiance intensity of a black body. Kirchoff law states that for a object at
thermodynamic equilibrium, emissivity is equal to absorption at all wavelengths:
λ = αλ
5

(3.2)

This may not be valid above 40 km alititude depending on the wavelength [Karlsson, 1997]
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So for a black body, λ = αλ = 1 and for all other objects in thermodynamic equilibrium, 0 < λ = αλ < 1 for the entire wavelength spectrum. Therefore, all objects
radiate at a fraction of the Planck radiation:
Lλ = (λ) Lλ,p

(3.3)

As energy must be conserved, any radiation interacting with an object that is not
absorbed must be scattered. If there is no transmission, e.g. solar radiation on
the Earth’s surface, all non-absorbed radiation is scattered back into the hemisphere
whence it came. This is called reflection.
It is common practice in the field of passive remote sensing to express thermal
radiation in terms of brightness temperature (Tb ). Tb is the equivalent black body
temperature of which a black body would emit the same amount of radiation as the
object at consideration at its temperature T . From (3.1) and (3.3) we can see that
at a given wavelength,λ, and object emissivity, (λ), Tb can be derived
(λ)



hc

λ5 e λkT
Solving the equation for Tb we get
Tb =

2hc2
=

 hc
−1
λ5 e λkTb − 1

2hc2



λ k ln 1 +

hc
1
(ehc/λkT
(λ)


− 1)

(3.4)

(3.5)

hc
, is very
For long wavelengths, such as in the microwave region, the exponential, λkT
2kT
small and (3.1) can be simplified to Lλ = λ2 . The same calculation as in (3.4), shows
that the brightness temperature can be simply related to the emissivity and the actual
temperature, Tb = T . This is called the Rayleigh-Jeans brightness temperature.
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].

3.1.2

Scattering and Absorption

On a molecular level, there are three mechanisms of absorption: electronic transition,
vibration, rotation, or a combination of these. Due to quantum mechanics, absorption can only occur at a discrete set of wavelengths, often referred to as emission
lines. However, these lines are broadened (resulting in a line width) by two processes:
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 broadening is mostly
dominated by Doppler broadening, and at low altitudes the line width is completely
dominated by pressure broadening (for more details see Rees [2001, Chap. 3 & 4].
Radiation scattering is merely a conservative process of radiation being redirected
from its original trajectory. The nature of scattering depends on the wavelength in
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question and the size of the object (see further down). The scattered radiation leaving
a bulk medium back into to the same hemisphere as the source is called reflection.
By estimating the optical depth of the atmosphere due only to molecular Rayleigh
scattering, it is revealed that such scattering is significant for wavelengths less than
0.25 µm6 (ultra violet region), and noticeable in the visible region but negligible for
longer wavelengths [Rees, 2001] (see also Fig. 3.2). As this study concerns a wavelength spectrum from VIS to MW (ca. 0.5 µm to 10 mm), scattering by molecules is
not discussed further and neglected in the following.
Assessing extinction (i.e. absorption and scattering together) by interaction with
macroscopic particles is more complicated. Extinction can be analyzed using two
parameters, a dimensionless size parameter
x=

2πr
λ

(3.6)

and the particle refractive index
n = R(n) − I(n)
where the particle in question is assumed to be spherical with the radius, r, and n
is complex having real, R, and imaginary, I, parts. Using x and n, the normalized
extinction and scattering coefficients are calculated from Mie equations, where only
the first few terms are shown (from Rees [2001, Chap. 3]):
(
)

2
n2 − 1
4 3 n2 − 1 n4 + 27n2 + 38
σe
= −I 4x 2
+ x
πr2
n + 2 15
n2 + 2
2n2 + 3
( 
2 )
8 n2 − 1
4
+x R
+ ...
3 n2 + 2

(3.7)

2

8 n2 − 1
16 (n2 − 1)2 (n2 − 2) 6
σs
4
=
x
+
x + ...
πr2
3 n2 + 2
45
(n2 + 2)3

(3.8)

The normalized particle absorption coefficient, σa2 , is the imaginary part of (3.7).
πr
I.e. absorption depends on the imaginary part of n. In relating x to the functions
(3.7) and (3.8), it’s clear 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 completely dominated by absorption processes (as long as I(n) 6= 0). Figure 3.1
qualitatively demonstrates absorption versus scattering with regards to size parameter, x, for some medium. The figure shows that for a certain size parameter value (in
this case approximately x > 0.1), scattering rapidly becomes more important than
absorption with increasing x.
6

assuming τ > 1 means a significant contribution
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Figure 3.1: Shows the extinction vs. size parameter split up into scattering and absorption,
here called attenuation. a in this figure is r in this thesis. Figure taken from Rees [2001,
Fig. 3.21]

The size parameter x is shown in relation to wavelength and particle geometrical
radius in Fig. 3.2 from Wallace and Hobbs [2006, Fig. 4.11]. This figure visualizes
which scattering regime a particle size is in, also indicating the particle size sensitivity as function of wavelength (from a scattering perspective). For instance, larger
particles such as cloud particles, scatter in the Mie- regime in the wavelength region
considered in this thesis. This is true down to a 5 mm wavelength, which corresponds
to a frequency of about 60 GHz (see Table 3.1). For further lower frequencies, the
particles scatter according to the Rayleigh regime, whereby absorption becomes the
main modulator of the radiation (see also Fig. 3.1).
Finally, the total amount of radiation removed from the line of propagation by a
volume is the sum of the extinction contribution by all particles, N , therein. For a
bulk volume with identical particles, the extinction coefficient, γe , is just:
γe = γa + γs = N σa + N σs
where γa is the bulk absorption coefficient of the volume, γs is its bulk scattering
coefficient, σa is the absorption cross section of the particles, and σs is their scattering
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Figure 3.2: Shows the size parameter, x, as a function of wavelength,λ, and effective radius,
r. The associated scattering regimes and typical particles are also displayed. Taken from
Wallace and Hobbs [2006, Fig. 4.11]

cross section [Rees, 2001, Chap. 3]. If, more realistically, particles in the volume do
not have identical properties (e.g. in a cloud), the total extinction is the integral over
all particle extinction contributions.

3.1.3

I

ds

dz

I

dI

dz

Radiative transfer

The electromagnetic radiation that is detected by an instrument is heavily influenced
by the medium in which it travels. Typically, the received signal is used to assess the
medium the radiation has transversed, e.g. clouds at microwave frequencies, or to directly assess the source of the radiation, e.g. surface temperature at IR wavelengths.
In both cases the measurement is perturbed by the medium. This perturbation can
either be used to retrieve information on medium constituents (e.g. clouds), or conversely this perturbation must be corrected for if retrieving information on the radiation source (e.g. surface measurements). In all cases some kind of radiative transfer
calculation must be carried out. Therefore, before describing the intricateness of the
different satellite retrieval techniques based on different wavelengths, the following
paragraphs are a brief overview of radiative transfer. The following formulations are
largely based on Rees [2001, Chap. 3.4]
Radiative transfer describes the propagation of electromagnetic radiation through
some medium from a radiation source to a senor. The combined processes that
effect radiation are extinction processes and source processes, and they are frequency
dependent. Extinction (see Sect. 3.1.2) is described by a mass extinction coefficient
which depends on the number of interacting particles. The source components are
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the emissions of particles corresponding to their temperature, scattered radiation into
the line of sight, and possibly transmission of radiation from a background source.
From Rees [2001, Chap. 3.4], the radiative transfer of the intensity of the spectral
radiance at a particular wavelength, Lλ through a medium can be expressed as the
change dLλ over an infinitesimal distance ds in the direction of propagation


dLλ (ω, φ)
W
= −γe Lλ (ω, φ) + γs Jλ + γa Bλ
(3.9)
ds
sr m2
where dLλ (ω, φ) describes the spectral radiance propagating in the direction (ω, φ).
γs Jλ is the amount of radiation scattered into the same direction from other directions
(ω 0 , φ0 ). Jλ is defined
Z
1
Jλ =
Lλ (ω 0 , φ0 )p(cosΘ)dΩ0
4π 4π
where Ω0 is the solid angle, p(cos Θ) is the scattering phase function and
cos Θ = cos θ cos θ0 + sin θ sin θ0 cos φ − φ0 .
The first term in (3.9) is the amount of radiation that is removed from the direction
of propagation. The second term is the radiation that is scattered from all directions
into the line of propagation. The last term is the amount of radiation added by
emission, depending on the temperature of the medium (see (3.1)) and its emissivity,
. Equation (3.9) is the basic radiative transfer equation.

3.2

Passive Microwave Observations

In comparison to IR and VIS instruments (see Sect. 3.3) that can only acquire information of the peripheries of clouds, passive microwave sensors can measure cloud
signals through the entire depth of a cloud. Clouds are basically invisible at low microwave frequencies such as ν < 10 GHz (see Table 3.1 for conversion to wavelength).
For instance, such frequencies are commonly used for remote sensing of vegetation
and soil, without the nuisance of cloud contamination. Crucially, microwave radiation’s sensitivity to clouds increases substantially with frequency. At around 10 GHz
there is a marginal influence from large precipitating particles. For higher frequencies
(yet lower than 60 GHz), instruments begin to measure the absorption caused by rain
and cloud droplets, because of the large imaginary component to the refractive index
of liquid water Battaglia et al. [2006] (see also Fig. 3.1).
Ice particle signatures can also be measured by microwave passive radiometers. Ice
particles can not be detected in the low frequency microwave region because the imaginary component of the refractive index of ice is very small (estimated to 0.001 near
80 GHZ to 0.01 near 700 GHZ [Warren and Brandt, 2008]). Their signatures are first
detected when particle scattering becomes appreciable. This occurs at wavelengths
(see Table 3.1) that are similar to the diameter of the ice particles, so that radiation
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is scattered in the Mie regime (see Fig. 3.2). This is approximately equivalent to
frequencies above 60 GHz [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 microwave radiation by ice particles (because absorption
is negligible) [Vivekanandan et al., 1991]. Vivekanandan et al. [1991] found that the
optical depth of an ice cloud is approximately 150 times greater at 85 GHz than at
18 GHz, a consequence of the sharp increase in scattering effects at higher frequencies
discussed above.
ν [ GHz]
10
18
60
80
94
700

λ [ mm]
30
17
5.0
3.7
3.2
0.43

Table 3.1: List of mentioned frequencies (ν) in terms of wavelength (λ).

3.2.1

Retrievals from nadir-viewing instruments

It has been shown that IWP can be retrieved using the dual frequency technique,
which is based on the difference between microwave brightness temperatures at two
frequencies [Vivekanandan et al., 1991, Zhao and Weng, 2002]. Vivekanandan et al.
[1991] used the microwave brightness temperatures at 37 and 85 GHz for precipitation sized particles. In a layered cloud at these frequencies, brightness temperature
differences due to the liquid cloud layers are much smaller than from the cloud layers
composed of ice particles, and an increase in the rain rate (liquid amount) does not
have a strong effect on this difference [Vivekanandan et al., 1991]. Therefore the
main cause for the brightness temperature difference in a cloud is the ice water path.
Figure 3.3 (Vivekanandan et al. [1991, Fig. 1]) shows radiative transfer simulations
of brightness temperature difference between 37 and 85 GHz for different ice density
assumptions compared to IWP and shows simulated 85 GHz Tb vs τ85 , the optical
depth at 85 GHz. In this particular example, the atmosphere is assumed to be plane
parallel and the ’cloud’ consists of a 4 km thick ice layer overlaying a 4 km thick liquid
layer. IWP and τ can be readily retrieved (with bulk assumptions), because there is
a fairly linear relationship (up to 3000 gm−2 ) with differing slopes depending on the
assumed ice density.
More recently Zhao and Weng [2002] used higher microwave frequencies to show
that re and IWP can be retrieved in tandem from the scattering effects of 89 GHz and
150 GHz brightness temperatures. [Zhao and Weng, 2002] state that one advantage of
using higher frequencies is that the sensitivity of brightness temperatures to IWP is
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Figure 3.3: The simulated relationship between 85 GHz Tb and optical thickness at 85 GHz
(left) and 37-85 GHZ brightness temperature difference vs. IWP (right). Figure taken from
Vivekanandan et al. [1991, Fig. 1]

nearly independent of cloud temperature and the details of the underlying atmosphere
because of the higher scattering albedo.
89
Zhao and Weng [2002] determined re from the ratio, R(re ) = ΩΩ150
, between ice
cloud scattering parameters for the two frequencies. The scattering parameter, Ωx ,7
was shown by Weng and Grody [2000] 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 ±4 K with some a priori knowledge (see Zhao and Weng
[2002]). Zhao and Weng [2002] derived an empirical relationship between R and re
using simulated data from a radiative transfer model. IWP was further determined
using the re and the scattering parameter of the 150 GHz brightness temperature,
Ω150 .
Compared to the Vivekanandan et al. [1991]-retrieval, the retrieval by Zhao and
Weng [2002] is sensitive to smaller particles because of the higher frequencies used.
The Zhao and Weng [2002]- retrieval has a sensitivity range to particles in the millimeter range (0.25 < re < 1.25 mm). Assuming the smallest precipitating particles
have a radius of around (0.1 < re < 1 mm) [Rogers and Yau, 1976, Fig. 6.1], the retrieved IWP column using the retrieved re will only include precipitating ice particles.
This is an important aspect to take into account when comparing IWP from passive
microwave measurements to retrievals from shorter/higher wavelengths/frequencies.
7

x indicates frequency
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3.2.2

Limb sounders

Cloud ice can also be detected using microwave measurements from limb-sounding
instruments. Although the primary purpose of microwave limb sounders such as
Odin-SMR Murtagh et al. [2002] and EOS MLS [Waters et al., 1999] is to measure
trace gases, they also detect ice clouds in the upper troposphere [Rydberg et al.,
2009]. The measurement path through the atmosphere is long, increasing the signal of clouds due to the viewing geometry. In comparison to retrievals from nadir
looking instruments, ice cloud retrievals using limb sounding instruments must take
ice particle absorption into account, as pointed out by Eriksson et al. [2011], who
explain the main reasons for this: Firstly, the primary frequency range is higher than
nadir sounding instruments (between 150-700 GHz), hence there is more absorption
in the refractive index. Secondly, limb-sounders view the upper atmosphere where ice
particles are smaller. The absorption to scattering ratio is higher for small particles.
Thirdly, the contrast between the radiative background and the emission source term
is higher for limb sounding.

3.2.3

Uncertainties

The cloud ice retrievals using passive microwave have considerable uncertainties. As
passive microwave measurements rely on scattering effects, they are very sensitive
to the assumed particle size distribution. This is a main error source. As nadir
viewing measurements are sensitive to precipitating particles, on top of the usual
uncertainty of the PSD8 , additional uncertainties arise because PSD’s are primarily
derived for non-precipitating ice clouds. For the Zhao and Weng [2002]-retrieval,
uncertainties in the cloud bottom temperature, instrument noise, ice particle bulk
density, and the scattering coefficient all play a roll in the final uncertainty (see
Zhao and Weng [2002, Sec. 5] for more details). Not taking the signature from the
underlying atmosphere into account is a serious source of error, especially for the fairly
low frequency wavelengths, 37 and 85 GHz, tested in Vivekanandan et al. [1991].

3.2.4

Datasets

One passive microwave dataset was assessed in Paper. 4.1.1, namely the MSPPS IWP
product [Ferraro et al., 2005]. This product is based on the 89 GHz and 150 GHz
channels from the AMSU-B instrument using the Zhao and Weng [2002] approach.
The dataset is explained in more detail in Eliasson et al. [2011, Sec. 2].
8

Particle size distribution (see Chapt. 2)
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IR/VIS
Visible spectrum (VIS)

The VIS spectral region (0.4-1 µm) is a large atmospheric window, i.e. a spectral
region where radiation transversing the atmosphere is nearly completely unaffected
by absorption by green house gases (see Fig. 1.1). Therefore measuring radiances in
this spectral region is ideal for surveying the surface. Since surface and atmospheric
emissions are completely negligible at these wavelengths, the source of the satellite
detected radiation is entirely from reflected solar radiation, i.e. radiation that was
not absorbed by the surface. Some scattering occurs in the atmosphere by aerosols,
mostly near 0.6 µm and, as previously mentioned, by air molecules causing scattering
at the shortest wavelengths. For many surface types, absorption varies considerably in
the spectrum, making it possible to associate an albedo spectral signature to a surface
type. One useful application of this is to monitor changes in surface conditions, e.g.
melting ice, or the health of forests.
Cloud reflectivity depends on volume scattering effects, cloud thickness, and the
water phase. Liquid clouds have a larger albedo than ice clouds at visible wavelengths
and reflectivity increases with increasing cloud thickness. This is useful for separating
liquid and ice cloud phases and retrieving cloud optical thickness (τc ). The reflectivity
spectrum varies considerably between cloud types, depending on the aforementioned
variables. For instance, thin ice clouds are nearly transparent at visible wavelengths,
and thick clouds strongly reflect (has a similar emissivity as snow) [Karlsson, 1997].
Retrievals using VIS radiances are only possible during daytime conditions.

3.3.2

Near Infrared Spectrum (NIR)

The NIR region (1-5 µm) is the transition region from VIS to IR. This spectral range
is dominated by absorption by CO2 and H2 O, but useful measurements can be made
in 3 small atmospheric windows near 1.6, 2.2, and 3.7 µm. Retrievals in this spectral
range must deal with two very different sources, reflected radiance from the sun and
emitted radiance from the cloud and/or earth surface. This makes the retrieval more
difficult, but methods exist to separate the two signals, and retrievals in the NIR
region can give invaluable information on clouds [Karlsson, 1997].
All 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 surface. The reflectivity of liquid clouds is more pronounced than for ice
clouds, a useful relationship that can be used for cloud phase retrievals. The scattering characteristics also become more anisotropic, with more forward scattering.
For wavelengths less than 1.0 µm, the scattering mechanisms for single particles are
diffraction, internal particle reflections, external particle surface reflections and refractions. For longer wavelengths, when the size parameter with cloud particle is
close to 1 (see (3.6)), the main scattering process is diffraction which leads to more
forward scattering [Karlsson, 1997]. Similarly, at a fixed wavelength the amount of
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forward scattering varies with particle size, so that forward scattering may be used
to determine the size of the particles.
NIR data are also useful for detecting partial cloudiness. Karlsson [1997] describes
that the brightness temperature in a NIR channel (e.g. Tb3.7 at 3.7 µm) may, at partly
cloudy conditions, be substantially warmer than the brightness temperature of a true
IR channel (e.g Tb12 at 12 µm). Yet, for completely cloudy (or cloud free) conditions
the difference (Tb3.7 − Tb12 ) is very small. This is due to the non-linearity of the Planck
function. The radiative difference between cold elements (cloud) and warmer (in this
case the surface) is greater in a scene measured at shorter wavelengths (Tb3.7 ) than
scenes measured at longer wavelengths (Tb12 ). Indeed, by the same reasoning, this
radiative phenomena can be used to detect fires from satellites [Lee and Tag, 1990]
or to monitor cracks in ice sheets, called leads. For instance, Eliasson et al. [2007]
developed a method to use the surface variation of Tb3.7 due to presence of leads, in
arctic cloud retrievals (over ice) to differentiate between clouds and leads.

3.3.3

Infrared (IR)

The IR region (5-100 µm) is very important because terrestrial radiation has its maximum energy output in this spectral range. Greenhouse gases and clouds absorb
radiation over large spectral intervals in this range, with water vapor being the main
contributor. The maximum of the Planck function for terrestrial radiation is around
15 µm, 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 at 10-13 µm and a small spectral region
near 9 µm. An advantage of measuring in this spectral range is the emissivity of most
surfaces and thick clouds is close to 1.0 [Jin and Liang, 2006], so that the brightness
temperature is close to the real temperature of the source. However, even in these
atmospheric windows some absorption, mostly by water vapor, should be taken into
account [Karlsson, 1997]. The absorption diminishes the measured radiance value
somewhat. However, the opposite is true when the surface is colder than the overlying clouds. This is commonly the case in Arctic regions, making cloud retrievals
in these areas particularly difficult. This problem was addressed, and special cloud
detection test were included for these clouds for a public cloud product which was
updated and described in a technical report [Eliasson et al., 2007]).
Since thick clouds have an emissivity close to 1.0, the brightness temperature
directly corresponds to the cloud top temperature, or with independent coincident
temperature data, can be related to cloud top height. For most of the IR spectral
region, both absorption and scattering effects must be taken into account. Yang
et al. [2001] showed that the single scattering albedo decreases with increasing λ up
to λ =10.8 µm, and the single scattering albedo increases for longer wavelengths.
This is due to the minimum in the real part of the refractive index of ice (see Fig. 3.4
(right)), and scattering can therefore be neglected at this wavelength [Yang et al.,
2001]. Absorption on the other hand increases sharply here and must be considered
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Figure 3.4: The refractive index of ice in the 8-13 µm region. This figure is taken from Yang
et al. [2001, Fig 2.]

(see Fig. 3.4 (right)).

3.3.4

Retrievals

The reflected shortwave VIS radiation that reaches the sensor is a function of cloud
optical depth, τc , due to scattering within the cloud, but does not depend on ice
particle size, re . NIR radiances are effected by both scattering and absorption. Since
absorption is highly dependent on the size of the particles (increasing with decreasing
particle size), NIR radiances are also a function of effective radius.
Nakajima and King [1990] demonstrated that τc and re can be retrieved using
using reflection functions of the measured reflected VIS (0.75 µm) and a NIR (2.16 µm)
radiances. They determined that this retrieval technique is adequate for determining
re and τc for re > 6 µm and τc > 4. Retrievals where τc < 4 or re < 6 µm, are not
possible because the results are ambiguous (see Fig. 3.5). As can be seen in Fig. 3.5,
for clouds that have an optical thickness τ > 16, re and τc can be retrieved from VIS
and IR reflectances independently.
IWP, which is the quantity that is examined in detail in Paper. 4.1.1, is often
calculated using a linear combination of re and τc . For example, Meyer et al. [2006]
defined IWP as
IWP =

4τc re ρice
3 hQe i

(3.10)

where ρice is the density of ice, and hQi is the average extinction efficiency for ice
at 0.66 µm and is approximately equal to 2. Another commonly used relationship
between τc and IWP is from Heymsfield et al. [2003]
IWP = (

1
τc
) 0.84
0.065

[ gm−2 ]

(3.11)
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Figure 3.5: Theoretical relationships between the reflection function at 0.75 and 2.16 µm for
various values of τc and re . Figure taken from Nakajima and King [1990, Fig. 2]

Compared to the aforementioned retrievals using VIS and NIR radiances, retrievals
based on solely IR radiances have the advantage that they are hardly dependent on
solar radiation. Hence, IR measurements are more consistent for daytime and nighttime conditions. However, cloud retrievals using only IR channels concern only semitransparent clouds. The clouds must be transmissive enough to allow for detection of
measurable differences between satellite channels. Rädel et al. [2003] demonstrated
that emissivity differences between 8 and 11 µm can be used to retrieve re using a
technique known as the IR-split window technique. It was shown from simulations
under fixed conditions that the effective radius, re is a function of the emissivity difference, ∆11−8 , and the emissivity of the 11 µm channel, 11 . The results are visualized
in Fig. 3.6.
The simulated cloud emissivities used in Fig. 3.6, were for a tropical atmosphere,
assuming one particle habit, planar polycrystals. The emissivity, , was derived for
both wavelengths from the Planck function, B, radiance contributions from the ’measured’ brightness temperature, TBm , the cloud temperature, Tcld , and the surface temperature, Ts .
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Figure 3.6: Effective radius, re [ µm] as a function of ∆11−8 and 11 . This figure was taken
from Rädel et al. [2003, Fig. 1]

As seen from Fig. 3.6, for any given 11 the retrieved re increases with a diminishing
∆11−8 . However, outside the range 0.3 < 11 < 0.85, the information content is too
small andwhere
retrievals
outside
this range
are unreliable.
range is equivalent
B is
the Planck
function
and TBmThis
is emission
the measured
to a cloudbrightness
visible optical
depth
of
approximately
τc <water
3.8 [Rädel
et al., 2003]. Ice
temperature. By varying0.7
the< ice
content
clouds with this optical depth are known as semi-transparent cirrus clouds. Since this
method is only applicable for semi-transparent cirrus, cloud microphysical properties
such as re and τc can only be retrieved for about 40% of all cirrus clouds or 60-70%
of global large scale clouds [Rädel et al., 2003].
One high accuracy yet low precision retrieval using IR only measurements was
presented in recent studies [Cooper and Garrett, 2010, Mitchell et al., 2009]. The
retrieval can be used to detect clouds that have an re < 20 µm. Clouds made up
of particles smaller than re < 20 µm will have high emissivity differences, ∆, in
the 11 µm and 12 µm channels. This retrieval remains accurate regardless of particle
habit or size distribution. The range of particle sizes (5 < re <20 µm) is of importance
due to the absorptive properties of ice. As seen in Fig. 3.7, 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 [Cooper and Garrett, 2010]. Overall, correctly categorizing
clouds with small particles is useful as an independent constraint for in-situ airborne
campaigns, and, since small particles have a distinct radiative signature, their climate
impact can be significant [Cooper and Garrett, 2010].

e cirrus emissivities, a
op at hcld = 10 km and
A lapse rate of 6.5°/km,
chosen, corresponding to
profile. The cloud conolycrystals with a bimoic contributions are not

diameters. For a given emissivity 11, which corresponds to
a certain ice water path (IWP),  11 – 8 decreases with
increasing De. The difference is maximum for a semitransparent cirrus of 11  0.7 and becomes zero if the
optical thickness goes to zero or infinite. In other words the
retrieval of ice crystal size works best for cirrus with
emissivities in the range of 0.3 < 11 < 0.85, since here
the sensitivity of  11 – 8 to De is largest. Whereas the
difference is as large as 0.29 for cirrus with a mean effective
ice crystal size of about 7 mm, the retrieval sensitivity
reaches its limit ( 11 – 8 = 0.01) at about De = 70 mm.
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Figure 3.7: The absorption coefficient, Qabs , of ice particles at 11 µm wavelength as a function of effective radius. Taken from Cooper and Garrett [2010, Fig. 1]

3.3.5

Uncertainties

Cloud retrievals using IR/VIS, or IR only retrievals are subject to fairly large uncertainties. For instance, Cooper et al. [2003, 2007] showed that re retrievals relating
VIS and NIR reflectivities are subject to uncertainties on the order of 30-40% 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. Errors in the a priori temperature input and assumed particle habit can create
sizable errors. Sensitivity studies in Rädel et al. [2003] reveal an uncertainty of at
least 30% based on assumptions necessary to complete the retrieval. The caveat to
the ‘small particle’- retrieval is that particles that are smaller than 20 µm may be
classed as ‘large’. Additionally, in terms of trying to retrieve e.g. IWP, passive nadir
viewing techniques suffer from large uncertainties when clouds are optically thick, are
partly mixed phased, made up of vertically overlapping clouds, or any combination
of these factors [Waliser et al., 2009].

3.3.6

Data sets

Three datasets using instruments operating in the above spectral range and three different retrieval techniques where assessed in Paper. 4.1.1, and details on the datasets
are listed in Sec. 2 therein. In short, the ISCCP, PATMOS-x, and MODIS monthly
mean IWP datasets were assessed. MODIS IWP uses the Meyer et al. [2006]- algorithm (3.10) and is a part of the MODIS cloud microphysical data sets [Platnick
et al., 2003]. The microphysical model that MODIS uses for the retrieval is based on
in-situ investigations in Baum et al. [2005]. PATMOS-x used the Heymsfield et al.
[2003]- algorithm (3.11). ISCCP IWP is based on only one VIS channel (0.6 µm) and
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one IR channel (11 µm) from geostationary satellites [Rossow and Schiffer, 1991]. For
the latter, the cloud optical thickness and cloud top temperature (CTT) is retrieved
using a radiative transfer model for ice clouds, where the clouds with CTT colder
than 260 K are considered ice clouds. IWP [gm−2 ] is finally the product of a constant
4ρre
= 10.5, assuming re =30 µm, ρ = 0.525] [g cm2 ] and Qext = 2, and the
value 3Q
ext
retrieved optical thickness, τc [Rossow and Schiffer, 1991].

3.4

Satellite-borne Active Instruments

The spread in different ways to model the vertical structure of clouds is determined
to be one of the main reasons why climate models vary as much as they do in terms of
climate warming [Slingo and Slingo, 1988]. Cloud retrievals based on passive nadirlooking remote sensing systems (described in the previous sections) are not capable of
adequately dealing with overlapping clouds. This leads to considerable uncertainties
in retrievals that are based on such instruments.
The CloudSat and Calipso satellites 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]. The A-train flies in a sun-synchronous orbit with local equatorial overpasses at 13:30 (ascending node) and 01:30 (descending node). In the A-train,
each satellite houses different instrument techniques and remote sensing capabilities.
As no satellite technique can retrieve all desired cloud property information, measurements from all satellite in the A-train are intended to be complementary to some
extent.
CloudSat has a cloud profiling radar (CPR) on board which uses wavelength
of 3.2 mm (ν = 94 GHz) and is capable of measuring most of the cloud vertical
profile. Another satellite, Calipso has the CALIOP LIDAR instrument on board that
can measure the vertical profile of very thin cirrus clouds. Since the satellites are
no more than 15 s apart, measurements from the two satellite instruments can be
complementary. They are complementary because the CloudSat CPR is not sensitive
to the smallest ice particles, whilst the Calipso CALIOP instrument has the highest
sensitivity to ice particles of all satellite instruments, which makes Calipso ideal for
determining cloud top height constraints to collocated retrievals with other sensors.
CloudSat’s and Calipso’s vertical profiles can be combined to achieve a (nearly)
complete vertical profile of most clouds. Measurements from the other satellites in
the A-train can be used to further constrain CloudSat retrievals. This is the purpose
of flying the different instrument types in the A train [Stephens et al., 2002]. These
satellites provide a large leap forward for the science community in terms of providing
valuable information on the cloud vertical profiles that can be used to constrain clouds
in models, such as climate models. Following is a description of CloudSat and the
retrieval referred to in this thesis. No further details on Calipso are given as data
from Calipso is not used in this study so far. However it is planned to be included in
the future doctoral thesis for this study.
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CloudSat

The 94 GHz CPR has a vertical resolution of 250 m and a total vertical column height
of about 30 km. The measurement column deliberately includes the surface so that
surface scattering may serve as a constraint to some retrieval models. With an oblong
footprint of approximately 1.4×3.5 km, the horizontal resolution is also very high. The
sensitivity range of the instrument was manufactured to be between -30 to 29 dBZ.
The choice of radar frequency at 94 GHz is a trade off between the sensitivity to
cloud particles and to measurement degradation by attenuation by the atmosphere,
caused mostly by water vapor and liquid precipitation [Stephens et al., 2002]. Both
Paper. 4.1.1 and Paper. 4.1.2 relied on the official ice water content product (RO4
version 5.1 [Austin et al., 2009]), called RO ice water content (further called CloudSat
IWC). The retrieval is based on an optimal estimation approach to retrieve particle
size distribution parameters, which is used to calculate IWC and effective radius, re .
The retrieval technique is described in detail in Austin et al. [2009], and the following
is a short summary.
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:
Z ∞
ZRay =
N (D)D6 dD
(3.12)
0

where N (D) is the particle size distribution and D is the diameter of an equivalent
mass ice sphere. 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.


− ln2 (D/Dg )
NT
exp
(3.13)
N (D) = √
2ω 2
2πωD
where ln indicates the natural logarithm. Expressions for IWP and effective radius,
re , are defined in terms of moments of the size distribution from (3.13) [Austin et al.,
2009].
Z ∞
π
(3.14)
IWC =
ρ N (D)D3 dD
6
0
Z ∞
N (D)D3 dD
1 0
re = Z ∞
(3.15)
2
N (D)D2 dD
0

Of course, these equations are equivalent to (2.3) and (2.1) in Sect. 2.2. A column
of IWC and re values is retrieved by using equations (3.12) through (3.15), along
an a priori particle size distribution based on the temperature dependent a priori
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parameters NT a , Dga , and ωa . (see Austin et al. [2009] for a detailed account).
The retrieval technique is much the same for liquid particles, but using different
microphysical parametrisations.

3.4.2

Uncertainties

Heymsfield et al. [2008] showed that the above retrieval method for IWC, applied
to simulated reflectivity measurements, was mostly within ±25% of some reference
IWC. However, since measurements sometimes differed by around ±40%, the reported
uncertainty of the retrieval is ±40%. The total uncertainty is probably much larger
though depending on the conditions.
An important uncertainty in the retrieval arises from the lack of an independent
way to determine the phase of the cloudy bins. The current method is to retrieve
each column twice, once assuming all clouds in the column are ice and once assuming
they are all liquid phase. CloudSat uses ECMWF9 model auxiliary data that provides
the modeled temperature at each level. For the CloudSat IWC product, 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 (discarded from IWC). For temperatures in between these
intervals, a linear combination of the ice and liquid retrievals is used [Austin et al.,
2009].
The a priori information has uncertainties that will propagate to the retrievals
[Austin et al., 2009]. For instance, incorrect particle phase assumptions lead to
large uncertainties. Also, the temperature dependent a priori parameters used for
all retrievals are fitted to in situ measurements of non-convective clouds, i.e. the
uncertainty should be higher for different cloud types, such as convective clouds.
Additionally, assuming the a priori to only be temperature dependent is an oversimplification, leading to further uncertainties in the retrieval. Finally, another major
source of uncertainty is related to the Rayleigh assumption for (3.12). Even a relatively small number of large particles that violate the Rayleigh criterion may cause
significant errors in the retrieval [Austin et al., 2009]. Yet a correction function to
account for non-Rayleigh scattering is used in the retrieval to mitigate this problem
[Benedetti et al., 2003, Austin et al., 2009]. Despite these uncertainties, CloudSat
probably provides the best global estimates of IWC since the cloud bottom height
can be inferred and the vertical structure retrieved from most clouds, unlike any other
instrument to date.

9
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Expected Differences in Retrievals

First of all, 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 carried out with care. Essentially, by using different techniques to measure cloud properties, different information content is
measured. Simply put, different regions of the clouds are measured (see Fig. 2.1), due
to the different sensitivities to particle sizes.
Lidar measurements from Calipso measure the smallest particles but the measurement is attenuated after τc = 3, i.e it can not provide information through thicker
clouds [e.g. Heymsfield et al., 2005]. Retrievals based on passive IR-only emissivity
measurements, is only possible for clouds that at optically thin ( 0.7 < τc < 3.8) (see
Sect. 3.3). Measurements based on IR/VIS instruments can measure optical depths
as large as ca. τc < 60, but the retrieved re of the entire cloud is biased towards
small particles towards the top of the cloud (see Sect. 3.3). Passive microwave ice
particle retrievals are sensitive to large particles, hence detect the lower part of the
thick clouds (see Sect. 3.2). Finally, CloudSat provides the most comprehensive ice
particle retrievals, as 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. 3.4).
Retrievals based on similar wavelengths may also differ considerably from each
other depending on the microphysical models used. This was highlighted in Zhang
et al. [2009], where they assessed the underlying cause for large differences between the
retrieved τc from MODIS and POLDER. 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 because POLDER and MODIS use different microphysical models to describe ice particles.
Another complicating factor that must be considered when comparing satellite
measurements is the measurement resolution. For instance comparing CloudSat measurements collocated to passive microwave measurements is difficult as the CloudSat
footprint fills only 0.65% of the nadir AMSU-B footprint [Holl et al., 2010], and at
best 15 CloudSat measurements can overlap the AMSU-B footprint. This can lead
to large uncertainties when comparing weather states, especially if the scene isn’t
homogeneously cloudy [Holl et al., 2010]. See [Eliasson et al., 2011, Tab. 2] for a list
of the observational datasets referred to in this thesis.

Chapter 4
This Thesis
This thesis provides a broad background to the physics and cloud physics, which
concern the appended articles. The challenges in modeling ice cloud parameters have
been briefly discussed to highlight, before they are assessed in both articles, the difficulties the models face (see Sect. 1.2 and Sect. 1.3). The main aspect of the thesis is
to provide an overview of the different satellite retrievals of cloud ice parameters and
their inherent differences, with the goal to show why observations of apparently the
same parameter often differ extensively between satellite techniques (see Chapt. 3).
Even for datasets using measurements from the same measurement technique (e.g.
MODIS and PATMOS-x), retrievals of the same ice cloud parameter may differ due
to different microphysical assumptions made in the respective retrievals. The following peer reviewed papers concern precisely these issues with the aim to survey the
current model representations of cloud microphysical parameters, and to provide the
background to the problems faced when seeking to constrain parameters associated
with ice clouds in the models.

4.1
4.1.1

Summary of appended papers
Paper A

Assessing observed and modelled spatial distributions of ice water path
using satellite data
The assessment in this paper was conducted inside a Swedish National Space Board
funded study: SUBMIC - Sub-Millimeterwave Observations of Ice Clouds. The paper
concerns the modeled and observed distributions of one of the most important cloud
microphysical variables, namely IWP (see Sect. 2.2.3). First and foremost, the paper
assesses the climate models that took part in the IPCC fourth assessment report
(AR4) and assesses five established satellite observational datasets, all in terms of
monthly mean IWP. The paper builds on the foundation of Waliser et al. [2009],
but provides a more comprehensive comparison between satellite datasets, and pays
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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 probably provides the most advanced representation of the variable, due to its
cloud penetrating capabilities and high vertical resolution. As mentioned in this thesis
and throughout Paper 1, the climate model representation of IWP do not include
precipitation sized ice particles, yet the retrievals on which the observational datasets
are based on cannot make such a distinction between particle sizes. The climate
models generally have much smaller IWP magnitudes, probably mostly due to the
aforementioned ice particle distinction. Therefore, in an attempt to have an observed
IWP dataset closer to the definition of IWP used in the models, a precipitationremoved version of the CloudSat data (called CloudSatnoP recip ) is provided as a second
(but negatively biased) 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,
and also 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, although their definitions are exactly the
same (column integrated ice particle mass [ mg2 ]). This is due to the differences in
instrument sensitivities or model schemes, and is one of the main hurdles in the goal
to constrain ice clouds in climate models.

4.1.2

Paper B

The representation of tropical upper tropospheric water in EC Earth
I am a co-author for this paper, which is nearing submission to the journal Climate
Dynamics, together with Marston Johnston from Chalmers University of technology, a fellow PhD student and lead author. This paper compares model data to
observations, within tropical latitudes (30S-30N). The comparison concerns some important quantities related to tropical upper tropospheric water (TUTW). Specifically,
its constituents, upper tropospheric relative humidity (UTRH), cloud fraction (CF),
and cloud ice water content (IWC) are assessed for their representativeness. In order
to assess the impact of clouds in the models, comparisons of modelled and observed
outgoing longwave radiation (OLR) are also carried out (see Sect. 2.2 for variable
descriptions). The model used for the comparison is the general circulation model
EC Earth1 and observations are provided from satellites in the A-train (see Sect.
3.4) and ISCCP (see Sect. 3.3). The paper documents a cold bias at 200 hPa and
hence a higher UTRH and increased CF compared to what observations suggest. The
vertical distribution of IWC differs drastically between the model and observations.
The most probable cause is the parametrization of ice, specifically particle fall speed,
in convective clouds. The EC Earth model has its maximum IWC below 500 hPa,
1

ECMWF and Earth in Earth system model

4.2. Outlook
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although observations from CloudSat (see Sect. 3.4.1) suggest that the maximum
IWC should be at higher altitudes, between 400 and 300 hPa.

4.2

Outlook

By careful consideration of the characteristics of each dataset (instrument and retrieval), several datasets may be combined in order to gain a more complete ice
cloud retrieval. This is a very ambitious goal that is fraught with challenges (see
Paper. 4.1.1). Currently, the writer is working on a paper where collocated satellite
retrieved cloud microphysical measurements are compared and assessed for instrument specific cloud ice information. This paper will provide a much finer assessment
(compared to monthly mean values in Paper. 4.1.1) of ice cloud retrievals from different satellite techniques.
The datasets are compared according to cloud type and atmospheric conditions
in order, e.g. to test if datasets can be combined under certain conditions. Further
articles will continue to focus on the possibility of combining measurements, where
the ultimate goal is to provide results that will help to constrain the climate models.
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T. R. Sreerekha, P. Eriksson, B. Rydberg, P. R. Foster, T. Rose, C. Davis, K. F.
Evans, A. Heymsfield, U. Lohmann, and C. Stubenrauch. Establishment of mission and instrument requirements to observe cirrus clouds at sub-millimetre wavelengths. Technical report, Final Report, ESTEC Contract No. 19053/05/NL/AR,
2007.
M. Jin and S. Liang. An improved land surface emissivity parameter for land surface
models using global remote sensing observations. J. Climate, 19(12):1867–2881,
2006. doi: 10.1175/JCLI3720.1.
V. O. John and B. J. Soden. Does convectively-detrained cloud ice enhance water vapor feedback?
Geophys. Res. Lett., 33:L20701, 2006. doi: 10.1029/
2006GL027260. see corrections in John and Soden (2006), GRL, 33, L23701,
doi:10.1029/2006GL028663.
V. O. John, G. Holl, R. P. Allan, S. A. Buehler, D. E. Parker, and B. J. Soden.
Clear-sky biases in satellite infra-red estimates of upper tropospheric humidity and
its trends. J. Geophys. Res., 116:D14108, 2011. doi: 10.1029/2010JD015355.
K. G. Karlsson. An Introduction to Remote Sensing in Meteorology. SMHI, 1997.
ISBN 91-87996-08-1.
V. I. Khvorostyanov and K. Sassen. Cirrus, chapter Microphysical processes in cirrus
and their impact on radiation, pages 397–432. Oxford University Press, 2002.
S. A. Klein and C. Jakob. Validation and sensitivities of frontal clouds simulated
by the ECMWF model. Mon. Weather Rev., 127:2514–2531, 1999. doi: 10.1175/
1520-0493(1999)127h2514:VASOFCi2.0.CO;2.
A. Korolev and G. Isaac. Roundness and aspect ratio of particles in ice clouds. J.
Atmos. Sci., 60:1795–1808, 2003.
J. E. Kristjánsson, J. M. Edwards, and D. L. Mitchell. Impact of a new scheme for
optical properties of ice crystals on climates of two GCMs. J. Geophys. Res., 105
(D8):10063–10079, 2000. doi: 10.1029/2000JD900015.
T. F. Lee and P. M. Tag. Improved detection of hotspots using the AVHRR 3.7um channel. Bull. Amer. Met. Soc., 71(12):1722–1730, 1990. doi: 10.1175/
1520-0477(1990)071h1722:IDOHUTi2.0.CO;2.

References

47

U. Lohmann, L. Rotstayn, T. Storelvmo, A. Jones, S. Menon, J. Quaas, A. M. L.
Ekman, D. Koch, and R. Ruedy. Total aerosol effect: radiative forcing or radiative
flux perturbation? Atmos. Chem. Phys., 10(7):3235–3246, 2010. doi: 10.5194/
acp-10-3235-2010.
D. K. Lynch. Cirrus history and definition. In D. K. Lynch, K. Sassen, D. Starr, and
G. Stephens, editors, Cirrus, pages 3–10. Oxford University Press, 2002.
D. K. Lynch and K. Sassen. Subvisual cirrus. In D. K. Lynch, K. Sassen, D. Starr,
and G. Stephens, editors, Cirrus, pages 256–264. Oxford University Press, 2002.
K. Meyer, P. Yang, and B.-C. Gao. Tropical ice cloud optical depth, ice water path,
and frequency fields inferred from the MODIS level-3 data. Atmos. Res., 85:171–
182, 2006. doi: 10.1016/j.atmosres.2006.09.009.
D. L. Mitchell, R. P. D’Entremont, and R. P. Lawson. Inferring cirrus size distributions through satellite remote sensing and microphysical databases. J. Atmos. Sci.,
67(4):1106–1125, 2009. doi: 10.1175/2009JAS3150.1.
I. Moradi, S. A. Buehler, V. O. John, and S. Eliasson. Comparing upper tropospheric
humidity data from microwave satellite instruments and tropical radiosondes. J.
Geophys. Res., 115:D24310, 2010. doi: 10.1029/2010JD013962.
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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 potentially 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 comparison between satellite datasets. IWP data from the CloudSat 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 evaluate 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 outside the tropics. MODIS and PATMOS-x were in closest
agreement with CloudSat in terms of magnitude and spatial 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 removing 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 models, and all of the models show problems in reproducing the
observed spatial distribution of cloud-ice. Comparisons consistently 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 water cycle. Ice clouds also have a strong effect on the radiation budget of the atmosphere. They cool the atmosphere
by reflecting incoming solar radiation, but also heat the atmosphere 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 radius (Ramanathan et al., 1989). One important ice cloud
quantity is the vertical column integral of the cloud Ice Water 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 between 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 (Heymsfield and Iaquinta, 2000). Although global and continuous
datasets of satellite retrieved cloud properties are now available, their use to validate climate models is fraught with
difficulties. This is largely due to the definition of IWP itself. Models make a clear distinction between precipitating
ice particles and suspended cloud ice particles, whereas retrieved 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 account 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 provide 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 evaluate 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). Additionally, the retrieval accuracy is limited by the uncertainties
made in the cloud microphysical assumptions, and the uncertainties in the a priori background (e.g., Wu et al., 2009;
Eriksson et al., 2008). Despite these shortcomings, satellite 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 product, 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 sensors or active instruments. Our knowledge on IWP has increased significantly through the introduction of CloudSat,
and is therefore the main reference dataset in this article.
This article provides a comprehensive comparison of satellite datasets, such comparison, in the long run can potentially
be used to constrain model IWP output. In particular, we anchored monthly mean IWP of long term satellite datasets to
CloudSat, as CloudSat retrieval accuracies have been previously quantified using in situ data from several campaigns
in Heymsfield et al. (2008). We also evaluated the performance 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. Comparisons of satellite datasets, and satellite-model comparisons,
Atmos. Chem. Phys., 11, 375–391, 2011
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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 column, with a temporal range of at least 100 years from
1900. For the remainder of this article, model “cloudice” 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 resolution, 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 models 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 models, CSIRO has a relatively high horizontal resolution and
relatively high IWP averages, GISS has the coarsest resolution 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 convergence of moist air masses leading to condensation by largescale 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 earlier time step. Moist convection also adds cloud-ice to existing ice cloud. When comparing climate model output to
satellite data, it is important to recognise that the representation of IWP is only comparable to satellite observations to a
certain extent. Climate models distinguish between precipitating 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 remaining from these processes is saved as a diagnostic variable, 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, further 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).
www.atmos-chem-phys.net/11/375/2011/
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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
Resolution

Atm.
Layers

Model Name

Institute

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,
version 3.0 (CCSM3)

National Centre for
Atmospheric Research
(USA)

CSIRO

1.9 × 1.9◦

18

CSIRO Mark 3.0,
Climate System Model

Commonwealth Scientific
and Industrial
Research Organisation
(Australia)

GISS

5 × 5◦

15

GISS ModelE-R atmospheric,
General Circulation Mode

NASA Goddard Institute
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
Global Environmental Model,
version 1 (HadGEM1)

Hadley Centre for Climate
Prediction and Research
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 satellite datasets used in this survey are presented in no particular order below. In contrast to models, satellite retrievals
of ice clouds do not make a distinction between ice particles, 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 Atrain, which is a constellation of satellites flying in close formation enabling maximum collocations between these satellites (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
www.atmos-chem-phys.net/11/375/2011/

vertical resolution of 500m, enabling the retrieval of cloud
vertical structures, and has a small horizontal footprint of approximately 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 ECMWF model (the CloudSat ECMWF AUX product). The algorithm used for this product is described in
Austin et al. (2009). On-line descriptions of CloudSat products 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 precipitating particles in observations lead to larger IWP than intended 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 precipitation flag used is in the 2C-PRECIP-COLUMN CloudSat dataset (version 0). This product is only valid over open
ocean. (Haynes et al., 2009). The dataset created by applying the precipitation flag to CloudSat profiles is known as
IWPnoPrecip .
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Despite probably providing the best estimate of IWP, there
are some major 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 retrieval error may be larger than 40%. Secondly, another important, 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 precipitation in a profile is not an error source, by attempting to remove precipitation for model comparison additional uncertainties 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 minus 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 contains monthly averages, is based on one Infrared (IR) channel 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 geostationary 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 systematic 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 resolution of 2.5 × 2.5◦ at the equator. ISCCP does not provide
IWP directly. Instead, Water Path monthly means are provided for 15 distinct cloud types, classified according to their
cloud top temperature, cloud top pressure, and cloud optical
Atmos. Chem. Phys., 11, 375–391, 2011

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 calculated 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 retrievals. 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 Satellite 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 PATMOSx 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). Information 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 Resolution 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 spectral 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 version 5), column integrated IWP, with a 1◦ gridded spatial resolution. 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.

www.atmos-chem-phys.net/11/375/2011/
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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

Spectrometers

0.6, 11 µm

2

PATMOS-x
MODIS
MSPPS
CloudSat

VIS/IR
VIS/IR
MW (passive)
MW (active)

Geostationary:
GOES, GMS, METEOSAT
Polar: NOAA
NOAA-15,16,17,18
Aqua
NOAA-18
CloudSat

AVHRR
MODIS
MHS
CPR

0.6–12 µm
0.6–14.2 µm
89–183GHz
94GHz

5
13
5
1

Short Name

IWP Data Product

temporal range

ISCCP

Level 3 mean Water Path from different cloud classes
on an equal area grid (ca. 250 × 250km).
Level 3 mean IWP product on equal area grid (ca. 50 × 50km).
Level 3 mean IWP product on 1◦ grid
Level 2, granule
Level 2, granule (2B-CWC-RO)

198307-200804

PATMOS-x
MODIS
MSPPS
CloudSat

2.2.5

MSPPS

Satellite IWP data from passive microwave sensors are provided 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 89 GHz to 183.3 GHz. 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 description of the MSPPS IWP product and others derived from
AMSU refer to Ferraro et al. (2005). As the satellite NOAA18 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 October 2005 to December 2009.
2.2.6

Satellite dataset summary

IWP from all gridded datasets (MODIS, PATMOS-x and ISCCP) 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 satellite platforms and the institutions associated with these products. Comparing satellite datasets of retrieved IWP is not
straightforward. One major retrieval uncertainty comes from
www.atmos-chem-phys.net/11/375/2011/

198201-200804
200606-200804
200606-200804
200606-200906

the uncertainty in determining the cloud top and cloud base
from retrievals (Wu et al., 2009). This uncertainty is inevitable as cloud-ice signals are generally stronger for high
frequencies (VIS, IR) than for low frequencies (passive microwave, radar). This is due to the relation of wavelength
and particle size, influencing the particle’s scattering properties. Retrievals of IWP based on microwave frequencies
such as used by MSPPS and CloudSat, have difficulties detecting 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 measurement of IWP, CloudSat’s temporal range is too short to access 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 operational, leading to changes in the IWP spatial distribution. Although 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
Atmos. Chem. Phys., 11, 375–391, 2011
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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 susceptible 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 therefore suitable for validation of models in terms of variability. PATMOS-x, MODIS and MSPPS have high spatial coverage which is useful for spatial distribution comparisons
to models.

3.1

Observations and results
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, estimated to be 40% by Heymsfield et al. (2008). For the observational 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 uncertainty interval of 55–128 g/m2 at the Equator. For Fig. 3,
IWPnoPrecip is instead used as the reference dataset, to facilitate comparison to the models, which do not include precipitation 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 instrumental 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 collocated with CloudSat and PATMOS-x contains both collocated 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.
Atmos. Chem. Phys., 11, 375–391, 2011

Fig. 1. A schematic figure of a thick cloud. The columns indicate
approximately where in the vertical cloud the different measurement 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 compared to the other datasets, with particularly low values in
the tropics. Importantly, ISCCP appears to be in good agreement with the IWPnoPrecip dataset in the tropics, but has larger
values outside the tropics. MSPPS has the lowest zonal averages 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 regions, 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,
www.atmos-chem-phys.net/11/375/2011/
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Models
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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.

models. If the sampled data have different overpass times
from the model run time, they are essentially sampling different 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 consideration when comparing satellite to model measurements.
There are maximum and minimal retrieval values, which depend on the sensitivities of the retrieval and instruments. The
models don’t suffer from this, and therefore one should remove 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 comparison 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 longitudinal 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

although for different reasons than ISCCP. This can be explained insofar as MSPPS retrievals mainly have sensitivity
to large ice particles associated with convective clouds. All
passive satellite datasets perform very poorly over snow covered 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 comparisons are for data inside the latitude range 60◦ S–60◦ N, a region henceforth known as the “total”-region,
Figure 3 shows the zonal mean IWP for the models using 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 surface 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 tropical 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, probably 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 overestimation 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 account for satellite overpass times when pairing datasets and
www.atmos-chem-phys.net/11/375/2011/

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 relate 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 Tropical Warm Pool (TWP). High values of IWP are also observed 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 Pacific and Atlantic oceans. Figure 4 (right) shows that for regions 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 cloudice 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 spatial 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 features in the distribution of IWP are harder to discern from
the figure. The distribution of gridded IWP values is not
Atmos. Chem. Phys., 11, 375–391, 2011
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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 .

CloudSat
1st quartile
Median
Mean
3rd quartile

Observations
IWP noPrecip MODIS

41
72
78
108

15
29
27
38

ECHAM

CCSM

21
35
36
49

11
19
20
28

1st quartile
Median
Mean
3rd quartile

Models
CSIRO

−120˚

−60˚

0˚

PATMOS-x

MSPPS

17
34
35
50

75
115
117
152

3
7
11
16

GISS

INM

UKMO

81
180
232
331

7
12
11
15

8
25
46
78

20
38
47
70

CloudSat
−180˚
60˚

ISCCP

35
63
60
85

IWP_noPrecip / CloudSat
60˚
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180˚ −180˚

−120˚

−60˚

0˚

60˚
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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 satellite 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 general, 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 absolute IWP are expected due to instrument sensitivities. Consequently, judging from the spatial distribution of MSPPS, especially the relatively high IWP values of the tropical continental 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 dampening of the microwave emission through scattering. ConAtmos. Chem. Phys., 11, 375–391, 2011

versely, outside the tropics and in the oceanic subsidence regions, 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 (PATMOSx, ISCCP and MODIS) have more likeness to CloudSat. In
terms of magnitude, ISCCP has low IWP averages in general compared to CloudSat, PATMOS-x and MODIS, 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 precipitation. 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 appear 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 interval, 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,
1 -percentile intervals, the “colours” are in reference to the percentile box that contains the mean (which
the colour “steps” represent 100 × 32
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.

Mean

Std

Total
Bias

RMSD

R

Mean

Std

Tropics
Bias

RMSD

R

CloudSat
ISCCP
PATMOS-x
MODIS-aqua
MSPPS-noaa18

77
33
109
58
12

90
28
83
44
18

0
−44
32
−19
−65

0
88
71
67
103

1.00
0.61
0.73
0.75
0.64

75
23
105
48
15

104
23
97
47
22

0
−52
31
−27
−60

0
101
72
76
108

1.00
0.79
0.80
0.82
0.74

AR4-ECHAM
AR4-CCSM
AR4-CSIRO
AR4-GISS
AR4-INM
AR4-UKMO

34
18
42
211
11
39

18
11
31
197
5
43

0
−15
8
178
−23
6

0
17
19
257
27
30

1.00
0.93
0.90
0.62
0.67
0.82

24
12
25
115
10
11

13
7
17
127
6
10

0
−12
1
91
−15
−13

0
14
10
154
18
19

1.00
0.82
0.80
0.29
0.65
0.35

Datasets

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 elevated IWP averages, in relation to their total mean, around
the oceanic westerlies of both hemispheres, although the
magnitude of absolute IWP varies considerably. The models 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 relatively 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 models 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
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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 processes, 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 combined 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 footprints, defined as IWP > 0 as seen by CloudSat, the average
IWP is 420g/m2 . Despite the highest IWP values in this region, the ratio of cloudy pixels is only ~44%. The median
IWP value of the cloudy pixels is only 39g/m2 . By comparison, 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,
www.atmos-chem-phys.net/11/375/2011/
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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 41 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 properties, 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 appears to be especially serious for convective regions, where
the mean and median cloud values have the largest differences. 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 selected 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 percentiles, 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 indicated, 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 CloudSat’s ±40% uncertainty interval in both regions. MODIS appears closer to CloudSat in the total region (which includes
the tropics) than in the tropical region, whereas PATMOS-x
www.atmos-chem-phys.net/11/375/2011/

may agree slightly better with CloudSat in the tropics. However, 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 detected 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 mentioned 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 measurements without precipitation (but has a dry bias), in terms of
magnitude. As the available datasets are not suitable for direct comparison to model data here, we have arbitrarily chosen 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 regions. ECHAM, CCSM and CSIRO are generally well correlated in both regions, but CCSM has much lower IWP values. GISS has a very large IWP magnitude across all latitudes and clearly exhibits problems modelling this quantity.
Atmos. Chem. Phys., 11, 375–391, 2011
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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 observations. As the standard deviation of IWP varies greatly
in magnitude between datasets, we have normalised the seasonal cycle using the coefficient of variation (CV) (e.g., Mohapatra 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 distribution of CV indicates broad areas around the TWP, which
on a relative scale have little variability. This indicates semipersistent high IWP conditions in this region. As expected,
the yearly monsoonal activity, associated with the wandering 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 feature 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.
Atmos. Chem. Phys., 11, 375–391, 2011

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 observational 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 extratropics. 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 atmosphere, either subsiding or rising.
We have selected two large subsidence zones west of
South America and west of South Africa, and these areas 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 Tropical Oceanic Convection region (warm pool). The areas of
mid-latitude storms in the North Atlantic, North-West Pacific, and the mid-latitude storm tracks in the southern hemisphere, together constitute a region called westerlies. The
boundaries of these regions are based on the spatial distribution 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 chosen regions and are shown in Table 5. The regional fraction
in percent (IWPrel ) is defined:
IWPrel =

IWPreg
· 100%
IWPtot

(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 having 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
www.atmos-chem-phys.net/11/375/2011/
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average (1.9), PATMOS-x and MODIS have the same fraction (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 region. 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 continental region is nearly a factor five higher than its total average. 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 represent 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 convection 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 tropical convective regions, are assumed to be small for CloudSat, MODIS, and MSPPS. The CloudSat and Aqua (MODIS)
platforms are in the A-train and the NOAA18 (MSPPS) platform 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 sunsynchronous 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 agreement 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 regions. 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 particularly low absolute, but also relative IWP compared to the
satellite datasets. This is especially pronounced in the tropical continental regions. UKMO stands out with very low
Atmos. Chem. Phys., 11, 375–391, 2011
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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 cycle 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). Additionally, 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 midlatitudes. The tropics are largely made up of oceans and monitored by a very sparse network of measurement sites, leading
to more uncertain results.
As mentioned earlier, Waliser et al. (2009) showed tropical, 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 regions, such as ocean sub along with large deserts (e.g Sahara). Whereas, the average IWP of the extra-tropics is attained from regions with, in general, less extreme IWP differences. 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 tropical “wet” regions is approximately a factor 2 higher than
the extra-tropical “wet” regions. The GCMs show IWP associated 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 closest to observations, judging in terms of absolute and relative
IWP values and spatial distribution of large dynamical features, 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 tropical 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.
ocean sub

trop cont

warm pool

westerlies

total

CloudSat
IWPnoPrecip
ISCCP
PATMOS-x
MODIS-aqua
MSPPS-noaa18

Datasets

5.8 (7)
2.4 ( 9)
3.9 ( 12)
15.0 (14)
4.3 (8)
0.6 (5)

156.1 (202)
42.6 (135)
182.8 (176)
95.6 (165)
58.9 (481)

176.9 (229)
50.7 (195)*
46.5 (147)
197.3 (190)
104.7 (181)
30.6 (249)

106.8 (138)
38.3 (148)
59.3 (187)
166.3 (160)
91.9 (159)
4.7 (39)

77.2
25.9
31.7
104.1
57.9
12.2

AR4-ECHAM
AR4-CCSM
AR4-CSIRO
AR4-GISS
AR4-INM
AR4-UKMO

9.1 (27)
4.8 (26)
7.2 (17)
57.0 (27)
4.6 (43)
2.7 (7)

39.3 (117)
14.9 ( 81)
26.0 (62)
183.7 (88)
9.8 (91)
10.2 (26)

43.5 (130)
22.9 (125)
52.1 (124)
93.1 (44)
16.0 (148)
12.8 (32)

61.9 (184)
36.5 (198)
98.1 (234)
433.4 (207)
15.0 (138)
118.2 (300)

33.6
18.4
41.9
209.3
10.9
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 models 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 retrievals 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 community in addressing the problems in cloud ice simulation. In
contrast to the IWP data from passive sensors, CloudSat provides 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 CloudSat. 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 defined 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
www.atmos-chem-phys.net/11/375/2011/

dataset represents the lower end of the uncertainty as it naturally has a dry bias because all clouds strong enough to support 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 considerable 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 models 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 disagreement 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 regions 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 latitudes, depicting difficulties modelling this quantity. In this
comparison ECHAM and CSIRO were the two models which
were closest to the “observed” data in terms of absolute magnitude and spatial correlation. There may be some merit for
the models having higher relative values outside the tropics than inside as model IWP is suspended cloud ice only,
and the simulated suspended cloud ice to IWP fraction relationship shown in Fig. 4 suggest that cloud ice fractions
Atmos. Chem. Phys., 11, 375–391, 2011
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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, granule 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 Indonesian archipelago. Using long term datasets of IWP from
PATMOS-x and ISCCP, we assessed the coefficient of variation, 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 averaged 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 variability 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 retrieve 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 total 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 detect IWP in deep convective clouds. MODIS and PATMOS-x
are closest to CloudSat, with MODIS being in better agreement. PATMOS-x has a temporal range of 25 years compared to MODIS approximately 10 years. Especially for the
model to observations comparisons, we attempted to remove
the precipitation bias in CloudSat. Using a ground precipitation flag, we created the IWPnoPrecip dataset. ISCCP IWP is
notably in good agreement with this dataset. It is well documented that it is difficult to compare retrieved IWP to modelled IWP. By utilising long term datasets such as PATMOSx and ISCCP, the climate model community has 25 years of
Atmos. Chem. Phys., 11, 375–391, 2011

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 discrepancies 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 convective regions.
In future studies, we would like to enhance our understanding of the differences between the observational
datasets. This should be done on a pixel level on coincidental data, rather than using monthly means, or preferably using 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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Abstract The representation of tropical upper tropospheric
water in the climate model EC Earth is evaluated using
data from A-Train satellites. The effect on the outgoing
longwave radiation (OLR) is also assessed. The model output is compared to satellite retrievals for relative humidity
(RH), cloud fraction (CF), and ice water content (IWC),
and OLR. A secondary goal is the assessment of the satellite datasets in evaluating this region of the atmosphere.
The A-Train datasets provide an enhanced opportnity
to examine the upper troposhere through multiple sensor
types and by sampling collocated regions of the atmosphere
within a narrow time frame. CloudSat provides improved
cloud microphysical information, while MLS and AIRS
measure RH in both “all-sky” and “clear-sky” conditions.
CALIPSO together with CloudSat enable the assessment
of cloud fraction over wider range of optical depths than
can be achieved with either sensor alone. CloudSat showed
a relatively even distribution of IWC vertically as well as
the presence of mid-level clouds. CERES provides datasets
of global OLR. Because of the dry bias in AIRS this dataset
is most representative in areas of subsidence. Here agreement with MLS within is 3 %RH. In cloudy regions MLS
represents the seasonal cycle as well as increase in RH with
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height. The data show some ”kinks”, in the RH profile that
are due to retrieval. These, however, didn’t significantly degrade the quality of the data. MLS tends to report more
extensive areas of supersaturation even after data quality
screening.
The study finds a cold bias in model and higher RH
above 200 hPa than CALIPSO. Around 500 hPa the model
is, instead, generally drier than the observations but remains within the uncertainty margins of the observations.
CF is strongly linked to the RH in the model and, consequently, the model produces up to 10 % more cirrus above
200 hPa. The low mid level RH is also reflectd in the CF
but not in the IWC. The model generates three forms of ice:
non-precipitating cloud ice (CI) and large scale, as well as
convective, precipitating ice (LSPI and CPI). In the tropics, IWC consists mostly of CPI. The model IWC vertical
distribution tends to place too little ice between 400 and
200 hPa while placing too much below 500 hPa. In addition the model places the ice in just a few clouds. The modeled clouds in this region have less effect on the OLR than
seen in the observation by about 5 W m−2 . Over land regions, where convection is strongest, this effect increases
to ∼ 28 W m−2 . This points to the clouds being too opitcally thin. The cause can be traced to the parametrization
of the fall speed for CPI which leads to too high a velocities
given to ice above 400 hPa and too low velocities below.
Keywords Climate · GCM · Evaluation · CloudSat ·
CALIPSO · ISCCP · MLS · AIRS · CERES · Tropics ·
Upper troposphere
PACS PACS code1 · PACS code2 · more
1 Introduction
EC Earth (ECE) is a nascent general circulation model
(GCM) developed by several national weather centres and
research institutes across Europe (Hazeleger et al 2010).
It is a climate model that is built according to the “seamless prediction” strategy (Palmer et al 2008). As such, ECE
uses the European Centre for Medium-Range Weather Forecasts (ECMWF) Integrated Forecast System (IFS). IFS at
ECMWF is a well-studied and proven numerical weather
prediction (NWP) model that is coupled to a land and ocean
model and is also used in seasonal predictions. The IFS
version presently used for seasonal predictions is the version used in ECE.
The primary purpose of this study is to contribute to the
assessment of ECE by evaluating the model with respect to
tropical upper tropospheric water (TUTW). This concept
encompasses several model variables, where relative humidity (RH), the (layered) cloud fraction (CF), total high
cloud cover (HCC), and ice water content (IWC) 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), is also added to the list of variables. The representativeness of these variables in ECE is investigated by

2

comparison with satellite observations using a “satelliteto-model” method. 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
forming the so-called A-Train are providing new and improved datasets. 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 IWC (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 comparisons with climate models (Chepfer et al 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 HCC in TUTW (e.g. Evan et al 2007;
Eliasson et al 2011). These problems originate in the inadequate spatial resolution and cloud penetrating capabilities
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, even the new satellite retrievals have limitations and considerable uncertainties, and a secondary aim
of the study is to investigate and highlight these aspects, in
a general manner, in order to facilitate similar studies in the
future. 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 (e.g., AIRS and CALIPSO) misrepresent
the portions of the atmosphere found below high cloud layers. This aspect gives an inherent advantage to microwave
techniques (MLS and CloudSat), that tend to provide data
that better represent AS conditions and thus can be used as
references for straightforward averages of model data.
The structure of this paper is as follows: Sec. 2 discusses the model, the variables evaluated as well as the
cloud scheme. Sec. 3 introduces the observations used in
the study. Results are presented and discussed in Sec. 4
and the conclusions are given in Sec. 5.

2 EC Earth
A general overview of the model is given by Hazeleger
et al (2010). Technical information about IFS is given in
IFS Documentation (2009). Only an overview of some pertinent information such as configuration, variable descrip-
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tion, as well as modifications made to the model data, is
given in this section.
This study uses the uncoupled configuration of ECE,
version 2.2, that is being used in the World Climate Research Programme Working Group on Coupled Modelling’s
fifth Coupled/Atmospheric Model Intercomparison Project
(CMIP5/AMIP5). The standard model configuration used
is ca 1.1◦ × 1.1◦ grid point resolution, with 62, non-evenly
spaced, hybrid vertical levels extending up to about 5 hPa
(ca 37 km). Due the different horizontal resolutions of the
model and satellite datasets, both are re-sampled to a common 5◦ × 5◦ resolution. At this resolution, errors due to
sampling are reduced (e.g., Eliasson et al 2011). In addition, the model output is given in UTC while the observations corresponds to the local times of the satellite overpasses (see Sec. 3). This necessitates a further temporal
interpolation of the model data to match the A-Train overpasses.
Uncoupled, ECE uses prescribed monthly means boundary conditions, such as sea surface temperature, sea ice,
and surface albedo, taken from the ERA-Interim dataset
(Dee et al 2011). The model was run for the period 200612200711 with 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 the representativeness of TUTW (e.g., Meehl et al
2007). The 3-hour model state output is in accordance to
the AMIP51 requirements.
On a final note, precipitation and HCC are diagnostic
variables while all other TUTW variables are prognostic.
Diagnostic variables are calculated at each time step without any historical input (Forbes et al 2009). Separation of
ice condensates in the mixed phase is based on atmospheric
temperature.

2.1 Relative humidity (RH)
RH in ECE is based on the “Teten” saturation vapour pressure parametrisation 2 , while the RH provided by AIRS
and MLS uses the Groff-Gratch parametrization. In the
mixed phase, the observations empoly a linear treatment
of the saturation vapour pressure as a function of temperature (see Sec. 3). In the model, a quadratic function is used.
The involved parametrisations for saturation pressure can
differ, especially at temperatures below 200 K, by ca 1-2 %
(Murphy and Koop 2005). Therefore, to avoid comparing
parametrizations, 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). ECE limits the RH to 200 % and but the is
capped at 119 % in order to match the observations.
1
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2.2 Cloud fraction (CF) and total cloud cover (HCC)
The model cloud fraction (CF) is the horizontal fraction of
a model grid box filled by clouds. In the vertical, clouds
are assumed to cover the entire grid box. ECE assigns a
high cloud type to all clouds at pressure levels less than
45 % of the surface pressure. This corresponds to about
440 hPa. The HCC is a 2D variable expressing the total
cloud cover. A generalised cloud overlap assumption of
maximum-random is assumed for all cloud layers within
the column. That is to say, if there is convection, and no
clear layer exists between cloud layers vertically, then the
layers are at maximum overlap. Otherwise the layers are
randomly overlapped. The degree of randomness employed
vertically between separated layers is proportional to the
distance between the layers. More details about the IFS
cloud scheme is given in the IFS Documentation (2009,
chap. 6).

2.3 Ice water content (IWC)
There are three definitions of ice particles in ECE. The
first is cloud ice (CI) defined as non-precipitating particles with sizes less than 100 µm. These particles are what
make up the model’s current definition of IWC: the density
of ice condensates within a cloud, expressed in this study
as mg m−3 . The reason for this narrow definition is based
on the assumption that larger ice particles do not affect the
radiation in the model. Therefore, only these particles are
passed to the radiation scheme. Furthermore, CI is treated
prognostically with the value at each time step calculated
with regard to its history. The second ice definition is large
scale ice mass flux (LSPI) and the third is convective ice
mass flux (CPI). These two fluxes (kg m−2 s−1 ) represent
the vertical movement of precipitating ice (PI) within the
model. They are diagnostic varibles and fall out as precipitation at each time step.
Because the CloudSat retrieval aims to represent the total ice mass within a cloud a “model-to-observation” comparison requires the inclusion of all ice condensates present
in the grid box. Therefore the fluxes are converted to an
IWC and added to the CI using the following equation:
IWC =

Fice
,
v

(1)

where Fice is the ice mass flux and v is the fall speed.
In ECE the fall speed v is parametrized differently for
LSPI and CPI situations and even the CI is given a speed
for numerical reasons. Both the CI and LSPI are parametrized,
(Heymsfield and Iaquinta 2000), using the following equation:
v = vre f



p
pre f

−0.178 

T
Tre f

−0.394

,

(2)

where pre f = 30000 Pa, Tre f = 233 K. For LSPI vre f = 1 m s−1
and for CI it is set to 15 cm s−1 .
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In convective cases the fall speed is obtained by taking
half the parameterized fall speed for rain (Liu and Orville
1969):
vc =

0.2
21.18 rup
,
2

(3)

where rup is the rain in the updraught and represents a
mass-dimension relationship expressed as a mixing ratio
equivalent.
When assessing the spatial distribution of ice condensates in the model, a few important aspects of the model
to consider are (i) the parametrisations for auto-conversion
from CI to PI following Sundqvist (1978) and the autoconversion rate taken from Lin et al (1983) and (ii) the
fall speed. The auto-conversion relies on tunable empirical coefficients for the rates of conversion PI and a critical
CI at which generation of precipitation becomes efficient.
These are strongly linked to the atmospheric temperature
and not to any physical process. In convective situations
this parametrization also includes a vertical velocity that is
limited to a maximum of 10 m s−1 . It is also worth noting
that precipitation is allowed to fall through model layers
and interact with other layers via collection or evaporation as it passes through it. To address the possible cases
where precipitation falls into another grid box, an overlap
assumption is therefore applied to precipitation to account
for different advection scenarios (Jakob and Klein 2000).
2.4 Outgoing longwave radiation (OLR)
The radiation scheme in ECE uses the Rapid Radiation
Transfer Model. A description is given in Mlawer et al
(1997) and technical details regarding its use in IFS are
found the techinal manual3 . This study assesses the effect
of TUTW on OLR.
The scheme requires information about cloud cover and
cloud microphysics per model level. Only the CI is passed
to the scheme as well as atmospheric temperature, aerosols,
and greenhouse gas concentrations. In addition surface information such as emissivity, albedo, and temperature are
vital. The model calculates mass absorption and emmisivity over a series of discrete spectral intervals between 10
and 3000 cm−1 .
In this study, the impact of the clouds on the OLR is
evaluated by examining the longwave radiative cloud effect
(LRCE) defined as:
LRCE = AS −CS,

(4)

where AS is the ”all-sky” OLR that includes the effect of
clouds and CS is the ”clear-sky” OLR.
The bulk longwave radiative properties of ice clouds
in ECE are described in detail in Ebert and Curry (1992).
In short, ECE incorporates a maximum-random overlapp
assumption with regards to clouds and calculates the spectral emissivity of ice clouds, and thus longwave radiative
properties, as a function of ice water path (IWP), defined
3
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between the cloud base and cloud top, and ice crystal effective radius re . Currently re is bounded in interval [30
60] µ m.
The emissivity is given by:
ε = 1 − exp(− β κ IW P),

(5)

where β is the diffusivity factor and κ is the mass absorption coefficient. Both ε and κ are spectrally dependent and
the IWP is taken from cloud base to cloud top. κ is defined
as:
κ = α + γ/re ,

(6)

atmosphere, using different techniques, inside a time period of twenty minutes. The ascending node of the satellites is such that they will 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 CF and HCC are taken from CloudSat and
CALIPSO. CloudSat is also the source of IWC measurements. OLR data are obtained from the CERES centered
on the Aqua satellite. HCC 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.

where α and γ are spectrally dependent coefficients.
3.1 Atmospheric Infrared Sounder (AIRS)
2.5 Cloud Scheme
The fundamentals of the cloud scheme used in ECE are described in Tiedtke (1993). An overview is given in Forbes
et al (2009) while a more technical description can be found
in the IFS documentation4 . The scheme is a prognostic
scheme with regards to cloud fraction, cloud water/ice,and
water vapour. Precipitation is treated diagnostically as well
as total cloud cover. The separation of cloud water and
cloud ice in the mixed phase is a quadratic function of
temperature. A recent change invloves the allowance of
supersaturation with respet to ice for convective situations
(Tompkins et al 2007).
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). They are
also influenced by sub-grid spatial variability. Therefore,
when there is sub-grid variability, each grid box can have
cloud-free as well as cloudy regions (Tompkins et al 2007).
Convection provides detrained humidity for cloud formation at levels determined by the strength of the convection. For both large scale and convection cases, clouds are
formed when the parametrized grid box mean RH exceeds
a critical threshold of 80 %5 . In this way, CF is linked to
the RH in each grid box which is described by a probability
distribution function. The level at which CF are formed is
also influenced by the type of convection occurring: shallow, mid-level, or deep. An increase in CF is determined
by how much the cloud free portions of the grid box exceeds this critical threshold. The RH within each grid box
is affected by how much of the cloud-free regions have
exceeded saturation, time it takes to reach saturation, and
pressure.

Together with the on-board Advanced Microwave Sounding Unit (AMSU), AIRS monitors Earth’s water vapour
distribution, atmospheric temperature, aerosols, energy budget as well as trace greenhouse gases. The specifics about
the senors and algorithms can be found in Susskind et al
(2003) and 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 dataset6 (Maddy and Barnet 2008).
The lower limit of AIRS sensitivity to water vapour, which
is about 15 - 20 ppmv (Fetzer et al 2008), renders RH values above 200 hPa unsuitable for scientific use (Gettelman
et al 2006) and is removed accordinly. The horizontal resolution at nadir is approximately 13.5 km and the vertical
resolution is best near the surface at around 2.5 km. This
decreases with height to around 4 km around 200 hPa. The
systematic retrieval uncertainty is assumed to be 15 - 25 %,
following the AIRS on-line documentation (Olsen 2007).
A major drawback with AIRS, being an infrared sensor, is the inability to penetrate clouds. The cloud-clearing
technique employed when deriving atmospheric properties
categorically rejects all retrievals with a CF greater than
70 %. Consequently, a bias towards cloud-free conditions
is expected in the data.
Specific humidity is converted to RH following the GroffGratch 1946 formulation for saturation vapour pressure.
For temperatures below 253 K, the saturation pressure with
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 as a function of temperature (Gettelman et al
2006).

3 Observations

3.2 Micowave Limb Sounder (MLS)

The A-Train (or afternoon train) is a set of sun-synchronous,
polar orbiting, satellites that make up the Earth Observation System (EOS). A unique feature of the A-Train is
that all of the satellites observe overlapping areas of the

MLS is a limb sounding instrument measuring emission in
bands around 118, 190, 240, 640 and 2250 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 temperature at 118

4
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GHz. The conversion from specific to relative humidity is
done exactly as for AIRS.
This study uses the RH level 2 product from version 3.3
to create monthly means. The vertical resolution for RH
is approximately 6 km at 316 hPa and improves to ∼4 km
close 100 hPa. In the tropics, the horizontal resolution (along
track) is about 200-300 km with a cross track ranging from
6 - 12 km between 500 and 100 km. The data were screened
using the techniques suggested in the MLS on-line Data
Quality and Description Document (Livesey et al 2011).
The accuracy varies between 20 and 35 % in the 316 to
100 hPa range, and these values are used below as estimate
for the systematic retrieval error. The MLS retrieval can
produce data with high super-saturation. 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. A
threshold of 119 % was selected as it is the most commonly
occurring RH above saturation in the MLS dataset.
MLS RH data is suggested for scientific between 316
and 0.002 hPa. But data are also available at 383 hPa. Data
quality at this level is highly dependent upon the atmospheric moisture. In areas with low humidity, a dry bias
in the retrieval can render data unsuitable for use. This
is not the case in the tropics. Here the measurements are
more stable and can possibly be considered for scientific
use (Communication with WG Read). The data is is found
to be representative and is therefore used in this study.

3.3 CloudSat
CloudSat is a cloud profiling radar with a horizontal resolution of ca 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 vertical 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, only IWC from the Cloud Water Content
Radar Only (2B-CWC-RO) dataset is used. This dataset
was selected as the retrieval for 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, and in a first step liquid and ice water
are retrieved separately, treating all clouds to consist solely
of either water or ice particles, independently of temperature. The final IWC profile is set to zero for temperatures
above 0◦ C, while for temperatures below -20◦ C the “iceonly” data are taken. A linear transition, as a function of
temperature, between the water and ice phases is applied
between these two temperatures. The liquid water profile
is determined in the same way, but with the opposite temperature weighting.
The IWC retrieval assumes a log-normal ice particle
size distribution. But this assumption breaks down in, for
example, in areas of thick cirrus clouds originating from
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deep convection where the larger particles introduces a bimodality in the particle spectra. Uncertainties associated
with the particle sizes constitute the main retrieval uncertainty with an error estimated to 40 % (Austin et al 2009).
In addition errors steming 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.
Monthly CF is derived by treating all bins with a zero IWC
as cloud-free and non-zero IWC as cloudy bins. That is to
say, the CF is taken as the fraction of bins with IWC greater
than zero at each level for each geographical area. HCC is
derived in the same manner, but taking into consideration
if there is any IWC greater than zero for pressures below
440 hPa (following the ISCPP definition, Sec. 3.5)

3.4 CALIPSO
The CALIPSO lidar, which measures operates at wavelengths 532 and 1064 nm, is able to detect very thin clouds
with optical depths of 0.01 or less, and can discriminate between spherical and non-spherical cloud particles (Winker
et al 2007). In order to compare the CALIPSO observations
with model output, one must take into account the different cloud definitions, viewing geometries, and the cloud
overlap assumption in the model. To address this problem,
a dataset called the GCM-oriented CALIPSO cloud product (GOCCP) is specifically designed for the evaluation
of clouds in GCMs (Chepfer et al 2010). The CALIPSO
dataset is created on geometric height levels from surface
up to 19 km. We used the COSPAR International Reference Atmosphere (CIRA-86) climatology to convert the
heights to pressure levels via a simple linear interpolation.
The GOCCP level 3 dataset are designed in the fashion of
a lidar simulator. The lidar data are analysed using similar
cloud definitions, spatial resolution, and cloud diagnostics
found in GCMs. For this study we chose the 2.5◦ × 2.5◦ 3D
cloud fraction dataset designed for used with AMIP5/CMIP5.

3.5 International Satellite Cloud Climatology Project
(ISCCP)
The International Satellite Cloud Climatology Project (ISCCP) provides datasets made up of information from geostaionary
satellites and based on single IR and/or VIS channel. The
dataset covers a long time period and gives information
about cloud climatology down to 30 km resolution and 3hour interval (Rossow and Schiffer 1999). For this study
the The D2 dataset is chosen and is available on an equalarea grid (Rossow and Garder 1984), with a horizontal resolution of 2.5◦ × 2.5◦ .
ISCCP defines high clouds as cloud top pressures less
than 440 hPa, from which the definition of HCC follows.
Clouds falling into this category include cirrus, cirrostratus, and deep convection. There are several ISCCP retrievals

6

M.S. Johnston et al.

that include data from optical sensors that are only available during daylight hours. Accordingly, the IR only retrieval was selected for this study despite it being less sensitive and and can underestimate HCC by 10-20 % (Rossow
and Garder 1984).
3.6 Cloud and Earth Radiant Energy System (CERES)
There are currently four sets of CERES instruments flying on the Aqua and Terra satellites. A detailed description of the sensor is given in Wielicki et al (1996). In this
study CERES top of the atmosphere (TOA) OLR product
is used. There are several datasets available with different kinds of studies in mind. The Single Scanner Footprint TOA/Surface Fluxes and Clouds (SSF) edition 2.5
(CERES Aqua SSF1deg-lite Ed2.5) monthly mean dataset
is chosen because it centred on the A-Train EOS satellite
Aqua. These data were obtained from the NASA Langley
Research Center EOSDIS Distributed Archive Center. A
description of this dataset is given in Loeb and Kato (2002)
and in the accompanying documentation. Moreover, information on the processing algorithms can be found in Young
et al (1998). Currently, CERES with its coincident MODIS
cloud-information sensor, doesn’t provide cloud height information. Details about the MODIS cloud detection on
the two CERES satellites can be found in Ackerman et al
(2008).
Some information pertinent to this study include the
following: the mean solar irradiance used in the dataset is
1361 W m−2 . During the time period chosen for this study,
no major change was implemented in the data processing
that might affect the measurements. Also, the SSF dataset
assume constant meteorological conditions which could affect the measurements. The overall accuracy of the dataset
has been validated using data from AIRS during which
monthly anomalies are consistent to 0.16 W m−2 . And finally, in regions of strong diurnal cycles and convection
the various CERES datasets for OLR can have differences
from ± 5 W m−2 7 .
4 Results and discussion
This study concerns the tropics (30◦ S - 30◦ N) where the
dominant weather is of a convective nature. Convection occurs primarily in conjunction with the ITCZ (inter-tropical
convergence zone) and has a distinct seasonal cycle. Four
seasons are examined: DJF, MAM, JJA, and SON (December to February etc.). Specific examples are taken from
JJA because this is the season when convection is active,
as seen in this study, and covers, e.g., the important South
Asian monsoon. It is also the season with the largest differences between day and night data. Both regional averages
and some overall mean for the entire tropics are reported,
where the regions considered are shown in Fig. 1.
The diurnal sampling follows the passages of the Atrain satellites. This applies also to the ECE model data.
7
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Fig. 1: Selected regions of interest defined in Eliasson et al
(2011). The black areas represent regions subsidence and is
denoted as tropical subsidence water (TSW). The blue region is the Tropical Warm Pool (TWP) consisting of mixed
land and water, and the red regions are continental regions
(TCL).
For simplicity the two samples are denoted as “day” and
“night”. That is, data corresponding to the passages around
13.30/01.30 local time are referred to as day/night. If nothing else is stated, reported values are averages between corresponding day and night data.
4.1 Relative Humidity (RH)
The model RH derived using Groff-Gratch 1946 parametrization for saturation water vapour caused some divergence
from the one using Teten’s formulation. The difference is
largest over ice and as above 400 hPa with the highest differences found near the tropopause. Below supersaturation these differences are no more than a 3 - 5 %RH. In supersaturated areas the differences could be larger but for
this study the degree of supersaturation is not as important, only if there is supersaturation or not. Generally, the
model’s own paramtrization results in lower RH than the
Groff-Gratch parametrization.
4.1.1 Assessment of observations
Figs. 2 - 3 include vertical profiles of averaged AIRS and
MLS RH retrievals. 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 Secs. 3.1 - 3.2. The AIRS tropical average profiles in
Fig. 2 are smooth, slightly increasing with altitude as expected from a maximum of convection detrainment around
200 hPa and above (Folkins et al 2002). The average MLS
profiles are much less smooth, most significantly, there is
consistently local minima in averaged MLS profiles at the
147 and 261 hPa levels. The fact that this pattern is found
also for averages of the less cloudy TSW region (Fig. 3)
indicates that cloud interference is not the cause of these
features, discussed further in Sec. 4.1.2.
When comparing the profiles in Figs. 2 and 3 one should
keep in mind that MLS gives basically “all sky” data, while
AIRS rather represents “clear sky” conditions due to the
cloud clearing applied in its retrieval scheme (Sec. 3.1).
Clouds are associated with higher RH and thus differences
between the two are expected in these areas. An overlap of
pressure levels occur between 383 and 200 hPa. The AIRS
profiles remain consistently below MLS in strong convective zones such as TCL and TWP (not shown). However, in
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Fig. 2: Area-weighted mean vertical profiles of RH for the
TCL region. ECE (blue), MLS (red) and AIRS (green) for
four seasons. The light and dark shaded areas indicate the
systematic error of AIRS and MLS retrievals, respectively
(see text for details). The left side show average profiles,
while the right side depicts the day-night difference (if positive, day value higher).
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Fig. 4: RH at 200 hPa for the JJA season. The panels are
from top down: ECE, AIRS and MLS.
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Fig. 3: Same as in Fig. 2, but with data from the TSW region (Fig. 1).

the relatively convective-free area TSW in Fig. 3, the two
measurements converge. The exception at 261 hPa, where
MLS is drier than AIRS, is possibly a retrieval artefact. In
general, the differences between the AIRS and MLS are
10 - 30 %RH for the TCL region. Across the entire tropical
region (a vertical profile is not shown) this difference reduces to about 5 -10 %RH. Similar differences were found
by John et al (2011) for HIRS and AMSU-B between 500
and 200 hPa.
The average RH distributions at 200 and 400 hPa are
shown in Fig. 4 and Fig. 5. There is significant variation of
these distributions between the seasons, but the two sensors
give, 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.,

the convective regions. In Fig. 4 this can be discerned along
the complete ITCZ, and the most strikingly for the TWP
region. The MLS averages around the ITCZ are frequently
above 100 %RH. If MLS averages reach supersaturation or
not, depends strongly on the data filtering. For example,
much less averages above 100 %RH were reported by Ekström et al (2008) where a somewhat different filtering was
applied by and data were averaged to a coarser resolution
(though using MLS data version 2.2). The differences are
smaller for drier regions (as expected due to less frequent
cloud cover), but deviations exist. For example, in Fig. 5
AIRS gives different average RH for the subsidence areas
over the southern Atlantic and Indian oceans, while MLS
gives a more homogeneous band extending between the
two regions.
Below 200 hPa the mean tropical diurnal RH variability is consistently small and AIRS shows, therefore, little day-night differences in Fig. 2 with a tendecy, regionally, towards higher nighttime RH of 2 - 5 % (e.g. Chung
et al 2007). For example, in the TCL regions, AIRS shows
higher RH at night for all seasons (Fig. 2). This is also seen
the TWP region (not shown). Soden (2000) found that, for
JJA, the diurnal phase has important spatial structures, but
on average the maximum RH is found around midnight
over places, such as the Amazon Basin, with about -4 %
day-night difference for 500-200 hPa RH averages. This is
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consistent with the AIRS results reported here. However,
one cannot rule out the effects of clouds and to what extent
they influence RH differences.
For MLS, these differences include cloud interference
that are not negligible and its effect can vary between overpasses. An indication that these differences are not purely
artefacts caused by clouds is found by noting that the JJA
season shows the strongest day-night differences. At the
same time it is shown that this season does not produce
the most clouds (Sec. 4.2 and Fig. 6) in TCL regions. In
fact, this season also produces the lowest IWC in the same
regions (Sec. 4.3).
4.1.2 Agreement between model and observations
ECE data in Figs. 2 - 5 are “all-sky” means. No attempt has
been made to extract a “clear-sky” RH in order to match
AIRS. This would require access to the cloud mask used
to screen the AIRS data as well as limit the scope of this
study. This precludes a direct comparison between ECE
and AIRS. The role of the AIRS results in this study is primarily a reference for the “clear-sky” RH estimates. Averaged over the defined regions, ECE RH profiles are inside
the uncertainty margins of the observations (Fig. 2 - Fig. 3).
With the exception of some data points at 147 hPa where
ECE is wetter, the smooth shape of the ECE profile around
this level seem more realistic. In support of these findings,
Ekström et al (2008) found MLS (v2.2) to be drier than
Odin-SMR RH retrievals at 127 hPa with about 5 %RH.
This fact increases confidence in the ECE results at this
level.
Both with respect to RH averages and spatial patterns,
the agreement of ECE with MLS is particularly good around
200 hPa (Fig. 4 as well as seasons not shown). As mentioned, the MLS averages greater than 100 %RH must be
interpreted with care. An extensive area of super-saturation
seen in Fig. 4 inside the TWP region is also reflected in
the ECE panel. However the model produces far less extensive super-saturation. In short, the large scale horizontal distribution of RH is, throughout, well represented in
ECE at 200 hPa. The salient features of the ITCZ and its
branches are consistent between the model and observations. Accordingly, ECE captures the seasonal variability
well as it is driven by the movement of the ITCZ and the
Hadley ciculation. The areas of RH maximums and minimums are also well collocated with clouds and areas of
subsidence respectively.
At lower altitudes the agreement between the modeled
RH and the observations is poorer (Fig. 5). In convective
areas, ECE is considerably drier, reflecting narrower bands
of convection in the ITCZ than is seen in the observations.
Simularly, in the TSW area the model is even drier than
AIRS, below 400 hPa with the exception of DJF season
(Fig. 3). The reason for this is not yet known but points to
a problem with the transport of mositure horizonatlly from
mid-level convection, or the lack therefore. The ITCZ is
best captured for the JJA season (Fig. 4), while for other
seasons parts of the ITCZ is missing in ECE, in contrast
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to the observations (not shown). This gives considerably
stronger vertical gradients in the RH profile for such regions, as seen in Fig. 3. For the TCL regions considered in
Fig. 2, the ECE vertical profile matches the observations
best for the JJA season, which coincides with the season
where we see the lowest convective activity over the Amazon Basin that is part of the TCL region.
This indicates that, despite ECE placing the convection
spatially correct, the resulting moistening below ∼200 hPa
is too low. Possible sources to this deficit could be an incorrect detrainment from “deep convection” (reaching altitudes above 200 hPa) and too few “mid-level” convection
having its maximum detrainment below 200 hPa.
At 400 hPa the model is generally slightly drier than the
observations inside subsidence areas. Also distinct subsidence areas appear to be more extensive, with the possible
exceptions areas such as the southern Indian ocean where
the model agrees with the observations (Fig. 5). This overall drier tendency could be caused by too little moisture
inside convective areas, but can also be affected by an excessive drying through sedimentation of ice particles (discussed further in Sec. 4.3).
The day-night differences of RH in ECE above 200 hPa
is generally low and negative indicating a wetter atmosphere at night. The same finding was made by Eriksson
et al (2010), for ECE as well as ERA-Interim and two other
GCMs. That study covered the DJF and MAM seasons,
and the deviating pattern here of the JJA season in Fig. 2 is
not in contradiction to those results. More significant ECE
day-night differences are found below 200 hPa for convective areas, where the sign of the difference match the AIRS
data (Fig. 2). However, while AIRS gives highest (absolute) “day-night” values around 250 hPa, this is found in
ECE at 500 hPa or below. MLS during the JJA seasonreports higher RH around 300 hPa during the day in all regions. This is not reflected in AIRS or the model data. A
possible cause for this could be the presence of mid-level
convection. The model and observations all agree that the
night time tends to have higher RH when differences in the
day occur.

4.2 Cloud Fraction (CF)
4.2.1 The observations
Similarly with the AIRS and MLS RH averages, a total
agreement between CF derived from CloudSat and CALIPSO
is not possible. In fact, the vertical CF profiles in Figs. 6 7 show major deviations. No significant retrieval filtering
is done (in contrast to AIRS) so the deviations are instead
caused by the differing scattering conditions with which
the two instruments must contend. CALIPSO’s short wavelength makes it sensitive to the sum of geometrical crosssection of particles. This translates to a high sensitivity to
small particles found in optically thin clouds. The disadvantage is that the lidar attenuates relatively quickly for
clouds with optical depth greater than 2.
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Fig. 6: Area-weighted mean CF profiles for TCL region.
The curves depict the following: ECE (blue), CloudSat
(red) and CALIPSO (magenta). Each panel shows one season. The plots on the left depicts mean profiles, while on
the right, are the day-night differences (if positive, day
value higher). The shaded area represents the combined
CF of CloudSat and CALIPSO. This that CloudSat sees
the minimum CF below 200 hPa and CALIPSO above (see
text).

Fig. 8: CF at 200 hPa for the JJA season. The panels are
from top down: ECE, CALIPSO and CloudSat.
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Fig. 7: Same as in Fig. 6, but including data only from the
TSW region (Fig. 1).

CloudSat is sensitive to particles much smaller than its
3 mm wavelength. The intensity of the backscatter is proportional to the sixth power of the effective diameter (d 6 )
of the ice particles. Therefore, clouds consisting of very
small particles (optically thin) are often missed but CloudSat is able to penetrate optically thick clouds. Attenuation
of the CloudSat radar signal is normally associated only
with strong precipitation normally found at altitude below
500 hPa.
Consequently, CALIPSO and CloudSat detect different, but overlapping, 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
data gives the highest CF, as many of the high thin clouds
are not registered by CloudSat. For lower altitudes, CloudSat gives higher CF values, and a better representation, as

Fig. 9: CF at 400 hPa for the JJA season. The panels are
from top down: ECE, CALIPSO and CloudSat.

CALIPSO is frequently obscured by cloud layers at higher
altitudes. These aspects give also completely different patterns for day-night CF differences.
The CF profiles of CloudSat and CALIPSO intersect,
in general, around 200 hPa (Figs. 6 - 7). The two instruments give also similar CF spatial patterns around the ITCZ
and TWP regions, for 200 hPa, though outside these regions CALIPSO gives higher CF (Fig. 8). For altitudes
lower than 250 hPa, CloudSat consistently shows higher
CF (Fig. 9).
Both the CALIPSO and CloudSat CF are dervived 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. 8 are classified as basically cloud free for both sensors as well agreeing with climatology. For this reason, no errors are assigned to the CF profiles. The shaded area in the figures
are, instead, the range of possible combined CF estimates.
In Fig. 10 the A-train data have been processed to match
the ISCCP’s definition of HCC. There is a good agreement between CloudSat and ISCCP which is somewhat unexpected considering the completely different observation
techniques. An in-depth discussion is outside the scope of
this study, but it appears that detection thresholds associated with the IRO version of ISCCP and CloudSat are
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Fig. 10: HCC results for the JJA season. The top panel
shows ECE, the second shows the GOCCP (derived from
CALIPSO), the third shows CloudSat, and the botton panel
shows ISCCP data.

4.3 Ice Water Content (IWC)
Fig. 11 - Fig. 12 show the mean vertical profile for the regions TCL and TSW. The overall tropical mean IWC at
200 hPa is about 5 mg m−3 , increasing to approximately
11.5 mg m−3 at ∼400 hPa. This creates a vertical profile
of IWC per level that remains strikingly similar in highly
convective regions such as TCL (Fig. 11) and TWP (not
shown). What this indicates is that the intensity of convection only shifts the profile along the x-axis but does
not change its form much. Each profile has its maximum
between 300 and 450 hPa and decreases by 6 - 10 mg m−3
every 100 hPa. This maximum varies slightly from season
to season depending on the strength of the convective. An
uncertainty of 40 % (Austin et al 2009) is plotted to aid in
evaluating the model data. During the JJA season in both
TCL regions, CloudSat records a significant decrease in
IWC. This agrees with the movement of the ITCZ northwards, taking with it the accompanying convective activity, and hence clouds. This can be seen clearly over South
America in Fig. 9, Fig. 8, and Fig. 6.

Regionally, the variation in IWC from season to sealargely equivalent. CALIPSO gives significantly higher HCC, son becomes increases. Over the TCL region, Fig. 11, and
as expected.
TWP region (not shown), the IWC at 200 hPa increases to
between 12 - 16 mg m−3 . Around 400 hPa, values between
15 and 25 mg m−3 are often seen. Even in the TSW region,
there are some CPI seen in the data. This can be possibly
attributed to the presence of shallow convection.
4.2.2 Agreement between model and observations
There is no clear general distinction between “cloudy” and
“clear sky”, and thus a model must set some threshold for
when to assign an area as cloudy. It is unlikely that this
threshold matches the sensitivity of a particular instrument.
The best approach to overcome this problem, at the same
time as cloud-overlap is considered, is to operate an observation simulator8 on the model data, but this is left for
future work.
It is further assumed that the CALIPSO’s sensitivity
limit is found above the ECE “cloud threshold”. With this
assumption, a lower limit for ECE’s CF is obtained by taking the maximum value between CloudSat and CALIPSO,
for each level, and this gives the lower bound for the combined CF estimate in Figs. 6 - 7 (the shaded area). An upper
bound is obtained by summing up the two observational
CF. This corresponds to assuming that all clouds are detected, but never by both CloudSat and CALIPSO.
The ECE CF is above, or on the upper limit of, the
combined CloudSat and CALIPSO CF estimate, at altitudes above ∼200 hPa. Hence, either ECE generates too
much cloudiness for these altitudes, or generates optically
thinner than those detected by CALIPSO. Support for the
latter is seen by noticing that the CF at 200 hPa (Fig. 9) and
HCC (Fig. 10) of ECE show resemblance of CF data from
optical limb sounding, also covering sub-visual clouds (see
e.g. Wang et al 1996, Plate 3).
8

COSP package (e.g., Bodas-Salcedo et al 2008)

As mentioned earlier, CloudSat sees a wide range of
particles sizes to include those that are precipitating. Therefore, adding the PI to the the model’s CI made a CloudSat
IWC-ECE comparison possible. Chen et al (2011) chose to
another approach and partitioned CloudSat’s IWC instead.
This was then compared, “CI to CI”, with IFS. Recent studies such as Waliser et al (2011, on the radiative effect of
PI) and Stephens et al (2010, on precipitation quality in
GCMs) have directly and indirectly underscored the need
to examine PI.
The most salient feature of the mean IWC vertical profile is the magnitude per level (Fig. 11 - Fig. 12). The distribution of IWC is fundamentally different in ECE than in
CloudSat. ECE consistently has the maximum IWC below
500 hPa with a very sharp fall off with height. A general
pattern in the figures is the low amount of PI at ∼200 hPa.
This increases to a maximum that lies below 500 hPa. The
main cause of the shape of the profile is clearly the convective portion of the IWC. In all cases examined, the convective signature contributes approximately ∼80 % of the
total IWC. The LSPI contribution is of the same magnitude
as the CI with the distinct feature of being higher than the
CI below 300 hPa but lower above this level.
The two distinct curves of the LSPI and CPI portions
of the IWC are largely determined by the fall speed parameters used in calculating sedimentation rates, mass fluxes,
and sublimation. Generally, fall speeds are higher near 100 hPa
and decreases with increasing air density. Collection, collision, and sublimation also affect the particle sizes and
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therefore these processes are affected by the terminal velocity (Westbrook 2008).
LSPI and CI fall speeds are parametrized using the
same technique but with different reference speeds (see
Sec. 2.3). This explains why the two curves remain close
but having very different shapes. The faster falling LSPI
leads to the CI being up to 50 % larger at ∼200 hPa. Nevertheless, both curves are disimilar to CloudSat that places
its maximum ice at higher altitudes. The LSPI fall speeds
have a maximum velocity of about 2 m s−1 and a minimum
around 0.7m s−1 .
CPI’s fall speed parametrization treated empirically in
ECE and is not coupled to any physical process. The velocity is actually half that of rain drops (see Sec. 2.3). An examination of the terminal velocity reveals maximum speeds
of 3 m s−1 and minimums on the order of less than 2 cm s−1 .
Average speeds are on the order of ∼ 12 cm s−1 .
It is the CPI portion of the IWC in ECE, with its high
seasonal variability, that determines the shape of the vertical profile in the figures. This variability reaches its maximum near the freezing level and is strongest the TWP (not
shown) region with values reaching well above 60 mg m−3 .
Just how strongly linked the amount of IWC is to the fall
speed is discussed in Sec. 4.3.1.
The CI profile shows very little variability throughout
the seasons. On average, ECE’s CI is ∼ 31 % of the total
IWC (CI + PI) at 200 hPa. The variability is consistently
small for CI in all cases examined. For numerical reasons,
these particles are also given a fall speed which is on the
order of ∼ 15 cm s−1 .
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Fig. 12: Same as Fig. 11 but data only from region TSW
(Fig. 1).
Changes in IWC between day and night differ between
the model and CloudSat. CloudSat show a higher IWC during the day. But this occurs for levels above 300 hPa in
the TCL regions (Fig. 11). Below this level, there is more
IWC at night. The magnitude of the variations is on the
order 2 − 5 mg m−3 . ECE, however, shows more IWC during the day by more than 20 mg m−3 below 300 hPa. In the
TSW region (not shown) but model and observation show
more ice at night by about 3 − 5 mg m−3 . A possible cause
of this variation is the timing of convection that varies over
water and land. Over land, the model seem to miss the convection timing as well as the level of detrainment.
4.3.1 Sensitivity to fall-speed
The IWC is very sensitive to the fall speed parameter because of its influence on the microphysics of clouds (Westbrook 2008). Previous studies conducted by Klein and Jakob
(1999), Heymsfield et al (2007), and Jakob (2001) examined the effect of fall speed the CI in earlier versions of
IFS. ECE uses the same parametrization. Klein and Jakob
(1999) demonstrated that the ratio of advection and sedimentation of CI is height dependent. Near the tropopause
the rate of sedimentation is much faster than advection
while near 500 hPa this relationship is reversed. The effect of this change in ratio with height leads to errors in
cloud microphysical properties, such as optical depth and
emissivity, near the tropopause and an over-representation
of such cloud properties at lower levels. Heymsfield et al
(2007, Fig. 1) and Jakob (2001, Fig. 3) examined the effect
of different fall speeds on the CI. The former showed the
sensitivity of CI at 350 hPa and -40◦ C. The study demonstrated the effects of varying fall speeds have significant
impact on the CI and in turn affect the net radiative flux by
more than 8 W m−2 . The latter also highlighted the effect
of CI on the ice water path (IWP).
These studies have shown just how the fall speed can
affect the CI and PI. In this study the conversion of PI
mass fluxes to IWC involved dividing by a fall speed. The
amount of IWC per level is doubled if the fall speed is
halved.
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4.4 Comparison with ERA-Interim
Figure 13 depicts a two-year time-series comparison between ECE and ERA-Interim. The comparison includes
monthly area-weighted means for the entire tropics centered on the ERA-Interim 12 UTC analyses, the following
24 hour forecast, and the ECE state at 12 UTC. With the
exception of IWP and HCC, the other variables are areaweighted means at 200 hPa. The time series covers the period 2006-2007. This is a deviation from the rest of the
datasets in this study and is motivated by the simple need
for a longer time series.
The figure show that both ERA-Interim and ECE increase the TUTW and lower the temperature with longer
integration time. In ECE the temperature at 200 hPa is often cooler by ca 1 K leading to mean difference of circa
0.6 K. This tendency is supported by the ERA-Interim forecast. The lower temperature and increased specific humidity, therefore, give rise to a 3 %RH increase, and a 6 - 5 %
percentage points increase in CF and HCC. The increase
in TUTW results in a ca −1.1 W m−2 change in OLR in
ECE. However, there are times when the mean OLR converges and even exceeds that of ERA-Interim. During such
periods, the TUTW in ECE remains higher. It is clear that
the assimilation of observations into ERA-Interim corrects
the models tendency towards increasing the TUTW. ECE
lacks this constraint imposed by the observations but nevertheless remains stable with time.
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Fig. 13: Area-weighted mean time-series of T, specific humidity (SH), RH CF, HCC, CI, column ice water path
(IWP), and AS OLR. The data covers the period 200601200712 at 12 UTC. The blue curve depicts ECE, the green
represents ERA-Interim 12 UTC analyses, and red shows
the 24 hour forecast from 12 UTC run. The T, SH, RH, CF,
and CI are all taken at 200 hPa. The ERA-Interim archive
does not include OLR and IWP in the analyses.
ERA-Interim and ECE are closely related models. Despite using ERA-Interim archive for its prescribed boundary conditions ECE starts out with more humidity in the
UT. ECE has been updated with some components from
later IFS cycles but since ERA-Interim’s 24 hour forecast
shows the same tendency, the push the put more moisture

in the UT seems to be a rudimentary property of the models that has remained in later versions of IFS. While the
assimulated observations constrain ERA-Interim, which is
then used as the source of several boundary conditions for
ECE, this contraint is not passed on to ECE. This suggests
that ECE is perhaps not particulary sensitive to the boundary conditions, or maybe they are updated too infrequently.
It is important to note here that ERA-Interim is coupled
to a land and ocean wave model. Improvements in ERAInterim include a 10-25 % increase in high cloud (e.g., Dee
et al 2011) and yet ECE consistently reports more high
clouds.
The mean difference in OLR is about −1.1W m−2 with
ECE showing greater all-sky influence on the OLR. It is,
however, interesting to note that during the SON 2007 season, the mean OLR in ERA-Interim dropped to a lower
value than ECE without a similar drop in CI, CC, RH, or
SH. Only T showed a slightly warmer 200 hPa.
4.5 Outgoing longwave radiation (OLR)
4.5.1 Assessment of observation
The CERES OLR fluxes are derived with an accuracy of
∼ 2 % and use several methods to reduce radiance and sampling errors (Smith et al 2011). CERES team offers several
datasets available for OLR but there are regional differences in the regions where are strong diurnal differences
and strong convection. These differences are on the order
of ± 5 W m−2 but can exceed these values and increases the
uncertainty in these regions. The SSF dataset chosen for
this study can be seen as having a ± 5 W m−2 uncertainty.
For the CS OLR, the seasonal mean OLR for the TSW
regions reflects the change in mean cloud fraction with the
movement of the ITCZ. This is supported by Sun et al
(2011) who found a ca 0.2 % accuracy when comparing CS
OLR with model calculations using estimated radiosondes and atmospheric parameters from AIRS. It is worth
pointing out that when an area is too cloudy to measure
CS OLR, a climatological value is used instead. In general the CS should always be higher than the AS except
when over a cold surface. The SSF dataset contains, over
parts of the Sahara desert region, AS values that are greater
than CS values. This occurs in about 0.3 % of the dataset
but shows up in the seasonal averages. This artefact is a
result of a combination of diurnal averaging and interpolation effects from differing CS and AS algorithms (discussion with CERES team). Consequently these areas are
removed. Also for the AS, lowest areas of AS OLR tend to
coincide with known areas of convection over land.
4.5.2 Agreement with the observation
The model agrees fairly well with CERES with regards to
the general distribution of clouds as seen along the ITCZ
and there are no large disparities with the exception seen
off the coast of Brazil. In this area, the model produces
more clouds and thus a greater LRCE than CERES. ECE
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Table 1: “Model-Observation” of mean OLR (W m−2 ) for JJA
Regions CS AS LRCE
Tropics
-3
4
-7
TSW
3
8
-5
TWP
-5
4
-9
TCL
6
28
-22

30
20
10
0
−10
−20
−30

0˚

−30˚

CF

%

30˚

30
20
10
0
−10
−20
−30

0˚

−30˚

IWC

mg/m^3

30˚

captures the general tropical features and movements of the
ITCZ. However, the mean LRCE across the entire tropics is
around −30 W m−2 for CERES while for ECE it is around
−20 W m−2 . That is to say, the modeled clouds effect the
OLR 10 W m−2 less than seen in CERES. A summary of
the differences in the OLR between the model and observation is given in Table 1. The data reveals a systematic
bias in the ECE AS OLR with greatest biases occurring in
the TWP region (not shown).
Though Table 1 data reveals the bias in the mean OLR,
it doesn’t show where these occur. The shifting bias in
the CS OLR could be caused by the use of climotalogical data used by CERES whenever there are cloudy conditions. Figs. 14 and 15 is an attempt to examine the effects
of the TUTW on the OLR. This is done by taking the differences between the model and the most representative
observation at both 200 and 400 hPa. The figures show the
differences in RH, CF, and IWC together with the difference in the absolute LRCE. For RH the reference is MLS,
while IWC and CF are taken from CloudSat. In the case of
LRCE (bottom panel) where the values are normally negative, the difference of the absolute values used instead.

30
20
10
0
−10
−20
−30

0˚

−30˚

LRCE

W/m^2

30˚

30
20
10
0
−10
−20
−30

0˚

−30˚
−180˚

−120˚

−60˚

0˚

60˚

120˚

180˚
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200 hPa and the resulting LRCE for JJA. Red depict areas
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LRCE. This indicates the clouds are having a greater effect on the OLR than in the observations. At 200 hPa, in
Fig. 15: Same as Fig. 14 but for 400 hPa for the RH, CF,
Fig. 14, the RH differences is much more varied and the
and IWC panels.
ITCZ becomes diffuse. The higher RH and CF are clearly
visible but the IWC of the model remains below that of the
observation. Over the TWP region the correlation is with
Waliser et al (2011), and the emissivity as well since its
the CF is more distinct but larger than the area seen inte
parametrization excludes PI in the radiation scheme (Sec. 4.3).
LRCE. Moreover, no similar pattern is seen in the RH or
IWC.
This support the theory that IWC is having a reduced
role the determining the total OLR in the model. It is possible that the clouds are having less effect on the OLR
because they have the incorrect longwave optical properties. Such properties depend on the effective radius of the
total ice within the cloud. This is supported by Song and
Zhang (e.g., 2011) who looked at new convective microphysical parametrization that is coupled to physical process rather than empirically based. Convection is the dominant weather pattern in the tropics and account for nearly
50 % of cirrus clouds and nearly 80 % of the ice mass. This
underscores the importance of convective parametrization
in the tropics. The vertical distrubution of IWC leads to
too little ice remaining at higher levels which in turn affects the mass absorption coefficient, as demonstrated by

5 Summary and conclusions
This study examines the representation of TUTW in ECE
between 500 and 100 hPa and accessing the viability of
some of the satellite datasets provided by A-Train satellites
in a “observation to model” comparison.
A comparison with Era-Interim at 200 hPa reveals a
cold bias in ECE by about 1 K. These two similar model
versions share the same convection and cloud scheme but
the assimilation of observations in Era-Interim acts to constrains the dataset. Without the observations, Era-Interim
would probably not have such a bias. This is supported by
the fact that the 24-hour forecast from the dataset is consistently closer to ECE (see Fig. 13). The underlying cause
of the cold bias is not yet known.
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The satellites provide good descriptions of the tropical upper troposphere as well as a look at day and night
variations. MLS allows for “all-sky” comparison of the
RH even down to 383 hPa. The data captured many large
scale tropical features and seasonal changes. Some artefacts were, however, seen in the data. These are two dry
areas or “kinks” in the vertical profile. At 127 and 261 hPa
MLS have artificially low RH. There is good agreement
between model and MLS in both cloudy and clear sky conditions. The model remains within the uncertainty ranges
of MLS in both TCL (lot of clouds) and TSW (few clouds)
regions. There was, however, less agreement when looking
at the day and night differences. MLS shows higher RH
at night and higher RH during the day between 400 and
200 hPa. This reversal of RH below and above 200 hPa is
only seen in MLS. Near the tropopause, ECE consistently
produces higher RH than MLS. Near 500 hPa the model is
also distinctly drier that both AIRS and MLS in all conditions and seasons.
The high RH above 200 hPa is also seen in the CF. The
model consistently produces higher CF than CALIPSO except in the JJA season in the TSW zone where little clouds
are present. Even though the CF is strongly linked to the
RH, at levels where the models RH is less than MLS, the
CF is at time ∼ 10 %CF higher than CALIPSO. That this
is occurs around 200 hPa points the to detrainment of humidity from deep convection. IWC is dominated by the
CPI, ∼ 80 %, along the ITCZ. The vertical distribution of
IWC is greatly influenced by the fall-speed parametrization. For CPI in ECE, the parametrization is not explicit
nor is there any coupling to a physical process. The fall
speed is treated empirically and corresponds to one halv
that of rain drops. ECE only passes a portion is the total
ice in the model to the radiation scheme and therefore PI
it is not included in the microphysics of the clouds. Instead the PI contributes only to the precipitation in the
model. This treatment has proven to be a short fall. Waliser
et al (2011) showed that PI can have about 5 − 10 W m−2 .
The IWC in ECE at 200 hPa can reach about 5 mg m−3 ,
∼30 % of CloudSat, and at 400 hPa this increases to about
31.5 mg m−3 which is 15 % more than CloudSat. Just below 500 hPa the ECE IWC increases to much high levels.
Over land, the difference in “day-night” values indicates a
an error in the timing of convection in the model.
Clouds influence the OLR far greater than anything
else. An attempt to find a connection between the OLR
biases and any other bias in the RH, CF, and IWC show
that these biases are not always consistent. That is to say,
a bias in the CF may not be reflected in the LRCE. This
points to the microphysics of the clouds being deficient. It
can also be argued that the limiting the effective radius of
the ice in clouds to 30 − 60 µ m results in limiting the infrared absorption and emission properties of clouds. This
is supported by the nearly 7 W m−2 higher AS OLR seen
in the model across the tropics, and even three times as
much regionally. The exclusion of the PI from the radiation
scheme seem to have a negative effect on the radiation in
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model. Regionally the difference is cloud effect far exceeds
the uncertainty in the SSF dataset of about ± 5 W m−2 .
Several conclusions can be drawn from this study. The
cold bias in the tropics in the model is a known problem and contributes to the higher RH and CF seen above
200 hPa. These clouds, however, lack the proper microphysical properties and do not affect the OLR as greatly
as the observation indicate. This points to the diagnostic
treatment of PI and the empirically determined fall speed
assigned to CPI. The PI collects at the around 500 hPa in
the model resulting to too little ice higher up and too much
ice around the freezing level. Subsequently the AS OLR
is about too high across the tropical region and regionally
well outside the CERES uncertainty range.
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