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Abstract. Information about clouds, in particular the accu- cal issues. Although the retrieval of different cloud parame-
rate identification of cloud free pixels, is crucial for the re- ters is useful for trace gas retrievals, especially the accurate
trieval of tropospheric vertical column densities from space.identification of completely cloud free regions is crucial due
The Heidelberg lterative Cloud Retrieval Utilities (HICRU) to the shielding effect, which causes an underestimation of
retrieve effective cloud fraction using spectra of two instru- the vertical column density of tropospheric trace gases mea-
ments designed for trace gas retrievals from space: Theured by satellite.

Global Ozone Monitoring Experiment (GOME) on the Eu-
ropean Remote Sensing Satellite (ERS-2) and the SCanninI%
Imaging Absorption SpectroMeter for Atmospheric CHar-

tography (SCIAMACHY) on ENVISAT. uct ICFA (Initial Cloud Fitting AlgorithmKuze and Change

th HICRU"ag;:Imallels .thet_ Wl(leler .tusgd gregholdpﬂghod 'ttr? 1994 and the FRESCO algorithm (Fast REtrieval Scheme
e so-called Polarization Monitoring Devices ( S) Wi for Clouds from the Oxygen-A-BandKoelemeijer et al.

higher spatial resolution compared to the channels used foﬁOOJ) use the GOME channels with moderate spectral res-
trace gas retrievals. Cloud retrieval and in particular the iden-

tificati f cloud f elsis | d by HICRU th h olution. There are also several algorithms using broad band
ication of cloud Iree pixels IS improvea by roug spectrometer with higher spatial resolution, the so-called Po-
a sophisticated, iterative retrieval of the thresholds which

. . ) larization Monitoring devices (PMD) (see TableSect. 4).
takes their dependency on different instrumental and geomet- 1zal ttoring devt ( ) ( e )

rical parameters into account. The lower thresholds, which Two different quantities are typically applied for cloud re-
represent the surface albedo and strongly affect the results dfieval from GOME data: The first class of algorithms use
the algorithm, are retrieved accurately through a four stagghe absorption of the £A-Band: since clouds reduce the
classification scheme using image sequence analysis. penetration of light down to low layers of the atmosphere,
The design and the results of the algorithm applied tothe absorption of oxygen is reduced for a cloudy pixel com-
GOME data are described and compared to several othepared to a cloud free measurement, where the absorption
cloud algorithms for GOME. The differences to other cloud mainly depends on cloud coverage, cloud albedo and cloud
algorithms are discussed with respect to the particular chartop height. This approach is used by ICFA and FRESCO,
acteristics of the algorithms. but cannot be applied to the PMD instruments because of
their insufficient spectral resolution. The major idea of the
second class of algorithms is, that clouds can also be iden-
tified through the intensity of reflected light hardly affected
by trace gas absorptions, because clouds are usually brighter
&han the surface. These intensities are mainly independent

top pressure or cloud optical thickness from satellite is anOf cloud top height, but they also depend on cloud cover-

important issue: 1.) for meteorology and the investigation of29e and cloud albedo. This approach is applied using small

climate change and 2.) for the analysis of tropospheric tracsPectral windows of the detectors with moderate spectral res-

: : .olution (FRESCO) and by the algorithms using the PMD in-
ases from space relevant to environmental and climatologi® , ,

¢ P ¢ struments (Tablel, Sect. 4). All these algorithms retrieve

Correspondence tavl. Grzegorski an effective cloud fraction, a parameter that combines cloud

(mgrzegor@iup.uni-heidelberg.de) coverage (cloud abundance) of the pixel and cloud albedo.

There are already several algorithms retrieving cloud pa-
meters using data of the Global Ozone Monitoring Experi-
ment (GOME, see Se): The official GOME cloud prod-

1 Introduction

The detection of cloud parameters like cloud coverage, clou
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2 The global ozone monitoring experiment

4462 M. Grzegorski et al.: Application of HICRU to GOME data
é}w The Global Ozone Monitoring Experiment (GOMBBr-
e = rows et al, 1999 on board the ESA satellite ERS-2 provides
data for the retrieval of vertical column densities of tropo-
spheric trace gases (e.g. BCBO,, HCHO, H0) using the
DOAS techniquePlatt 1994 Burrows et al, 1999 Wagner
et al, 2002. The satellite flies along a sun-synchronous po-
lar orbit at an altitude of about 780 km and crosses the equa-
tor at 10:30a.m. (local time). Global coverage is achieved
every three days. The orbit of the satellite leads to an es-
sentially constant relationship between the solar zenith an-
gle and the latitude depending only on the seasonal shift in
4 the position of the sun. GOME measures earthshine spectra
in a nadir viewing geometry, i.e. it looks radially towards
the earth. The earth’s surface is scanned with an angular
range of 31 degrees both in western and eastern direction
corresponding to a cross track swath width of 960 km. Dur-
ing each scan three subpixels are mapped extending 320 km
T east-west and 40 km north-south: subpixel 0 (east), sub-
L0— [ [ T 1 pixel 1 (center) and subpixel 2 (west). These three fores-
can pixels are followed by a backscan pixel (subpixel 3)
Fig. 1. HICRU cloud fraction on 6 January 2000, over central with an ext.ent of 9.60*40 ke GOME.ConS.'StS of four spec-
Africa, Sahara and the Mediterranean with original spatial resolu-trorneters '_n UV/vis wavelength region with mOderat,e Spec-
tion (left) and reduced spatial resolution (right). The right image fral resolution (0.2-0.4 nm) used for the DOAS retrieval of

has the same spatial resolution as the GOME channels with higheiface gases. Furthermore, the GOME instrument bears three
spectral resolution and each value is the average of 16 values dproad band detectors covering the UV (PMD1, 295-397 nm)

HICRU cloud fraction. and the visible wavelength region (PMD2, 397-580 nm and
PMD3, 580-745nm). These Polarization Monitoring De-

The first class of algorithms is used in two different ways: vices (PMDs) are mainly intended for measuring the polar-

ICFA retrieves effective cloud fraction using the absorption ization of the observed light. However, the PMDs can be

of the O-A-band directly, where the cloud top height is read out more frequently than the channels with moderate

defined a priori using the ISCCP climatologgdhiffer and  spectral resolution. Thus, we receive 16 PMD measurements

Rossow1983. This can create large errors in cloud fraction across each subpixel. This results in a higher spatial resolu-

if the cloud top height deviates from the climatological av- tion of 20x40kn? (instead of 32640 kn?), which makes

erage Koelemeijer and Stammg$999. On the other hand, the PMDs especially suitable for an intensity-based cloud re-

the O-A-band approach is also used to retrieve cloud toptrieval from GOME data.

height, where a combination of both approaches is used: an

intensity-based effective cloud fraction is retrieved simulta-

neously (FRESCO) or beforehand (GOME Cloud retrieval3 The Heidelberg Iterative Cloud Retrieval Utilities

AlgoriThm (GOMECAT,v. Bargen et a].200Q Retrieval Of (HICRU)
Cloud Information by a Neural Network, ROCINMNoyola,
2004. The HICRU algorithm uses the PMDs of GOME to retrieve

There are further cloud algorithms designed for otherthe effective cloud fraction, because of their higher spatial
satellite platforms, which were also be applied to selectedesolution compared to the channels with moderate spectral
GOME data for validation purposes: The Semi-Analytical resolution. An important advantage of the higher spatial res-
CloUd Retrieval Algorithm (SACURA) retrieves cloud top olution is found in the strong influence of the surface albedo
height and further cloud parameters for totally cloudy pixels on the retrieved cloud fraction\enig 2001). The deter-
using the @-A-Band approach and intensities from different mination of surface albedo requires an adequately large set
wavelength regionsokhanovsky et aJ.2003 Rozanov and  of measurements referring to cloud free scenarios, but the
Kokhanovsky 2004. Besides the methods described above,probability of a cloud free measurement strongly depends on
further quantities, e.g. the absorption bands afadd the  spatial resolution.

Ring effect can be used for the retrieval of cloud parameters The most important application of HICRU is the accu-
from GOME data \\Vagner et a].2003 de Beek et a).2003, rate retrieval of tropospheric trace gases (Begirle et al,
Acarreta et a].2004 Joiner et al.2004). 20044ab,c). This requires a decrease of the spatial resolution
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M. Grzegorski et al.: Application of HICRU to GOME data 4463

to the pixel size of the channels with moderate spectral res-
olution, but we can retrieve at least an additional parameter
describing cloud heterogeneity and obtain additional infor-
mation about the spatial structure of cloud clusters. This is
demonstrated by Fid.. Nevertheless, HICRU is also applied

PMD image
sequence

. . . Cloudy pixels are image
to studies directly focussed on cloud properties. An example [ average | Identifid and delated sequence
is the analysis of the El-§ib phenomenon\Wagner et al. Qhreshold mathod) ganged:

2005. In this case we directly benefit from the higher spatial

resolution of the PMD instruments. [ no ]
3.1 Application of the threshold method AEIEEE average image
Image is cloud free

The HICRU algorithm is based on the widely used threshold
method. First, lower thresholdgougiree representing the
intensity of cloud free pixels, and upper thresholggydy.
representing the intensity of completely cloudy pixels, are
calculated. The cloud fraction CF is retrieved from the mea-
sured intensitymeasthrough linear interpolation between the
thresholds:

Fig. 2. Principle of the iterative fixpoint algorithm using image
sequence analysis. HICRU uses this algorithm to calculate lower
thresholds, which represent surface albedo.

I — 1
CF — _meas cloudfree 1)

Icloudy — Igloudfree

This interpolation assumes that a cloud is a lambertian re-
flector and that a GOME pixel can be divided into a cloud thresholds to cloud fraction depends strongly on the inten-
free part and a cloudy part, where the albedo of the cloudysity difference between the upper and the lower threshold. In
part is imp|icit|y determined by the upper thresholds. HICRU desert regions, cloud fraction calculated from PMD3 is more
uses earthshine radiances divided by the cosine of the sol&ensitive to errors in the lower threshold than cloud fraction
zenith angle and the solar spectrum from the operational datéetrieved from PMD2, because the albedo of the desert is
product. higher in the wavelength region covered by PMD3. Obvi-

The accuracy of PMD cloud algorithms critically depends 0usly it is the other way around for ocean. Hence the com-
on the quality of the calculated lower and upper thresholds Pined use of PMD2 and PMD3 was found to be a good com-
The accurate retrieval of the the lower thresholds is especiallpromise for different regions on earth. We should not switch
important for the detection of cloud free pixels, because thePetween the used channels depending on surface albedo, be-
measured intensity is not only sensitive to the cloud cover-cause the obtained upper threshold and the instrument degra-
age and the cloud albedo, but also to the surface albeddlation also differ between the channels. Because of the
which depends on surface type and the season of the me&trong degradation effects, in particular, for PMDAbén
surement. The lower thresholds are mainly determined by th&t al, 200Q Krijger et al, 2009 this channel is omitted in
surface a|bed0, but also include Ray|e|gh Scattering_ PMU‘”CRU Further reasons for the exclusion of PMD1 are the
algorithms therefore distinguish cloud free and cloudy pixelsstrong sensitivity to the polarization of the earth radiance
through intercomparison between cloudy and clear-sky top{Schutgens and Stamme2003 and the strong impact of
of-atmosphere radiances. The major advantage of the HIRayleigh-scattering in the UV-region covered by this detec-
CRU algorithm is the improvement of cloud retrieval through tor. Therefore we also do not use color space analysis in
an iterative retrieval of thresholds, including image sequencd1!CRU, which is used additionally to the intensity-based ap-
analysis for the retrieval of the lower threshold. The algo- Proach by some of the existing cloud algorithms (e.g. the Op-
rithms for the retrieval of thresholds are described in Se8t.  tical Cloud Recognition Algorithm (OCRA;. Bargen et aJ.
in detail. This make an accurate cloud retrieval also possible2000 and the Cloud Retrieval algorithm Using image Se-
for regions like deserts, which often cause problems for othefluence Analysis, CRUSA)enig 200]). The intensities of

GOME cloud algorithms (Sect). the three PMDs are interpreted as three different colors (red,
green and blue) in the RGB colorspace by these algorithms.
3.2 PMD detectors used for cloud retrieval The main idea is the utilization of different color character-

istics of clouds and the surface to distinguish cloud free and
HICRU can be applied to all PMD channels, but we choosecloudy pixels more accurately. Nevertheless, we found that
to use the sum of the intensities of PMD2 (397-580 nm) andthe retrieval is not predominantly limited by identification of
PMD3 (580-745 nm) for cloud retrieval because of the fol- cloud free pixels, but by the lack of measurements of cloud
lowing considerations: The propagation of errors in the lowerfree scenarios (see algoijger et al, 2009.
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relative intensity
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Fig. 3. The first approximation of the lower threshold retrieved by HICRU after stage 1 using all GOME data from 1996 to 2003 in subpixel
2 (west). There is lack of data in Asia close to Pakistan which refer to lack of measurements due to the unavailability of the ERS-2 tape
recorder once per day exactly at that spot.

relative intensity

] | | | [ [

0.00 0.06 01z 018 0.24 0.30 036 0.42 0.4a 0.54 060

Fig. 4. Cloud free image after stage 4 for 1 day in subpixel 2 (west). The image contains a lot of gaps: In this case no cloud free measurement
was available during the 25 days of measurement used for the retrieval during stage 4 and the results from the earlier stages are used.

3.3 Retrieval of HICRU thresholds should aim to retrieve maps representing the lower threshold
separately for each day using periods as short as possible (HI-
3.3.1 Thresholds for cloud free pixels CRU uses 25 days). On the other hand, this method would

only work appropriately if cloud free pixels exist during the

The lower threshold strongly depends on surface albedo angonsidered period of time. This assumption holds well for
has to be calculated with respect to the latitude and longiegions like the Sahara, but is hardly acceptable for regions
tude of measurement. We have to retrieve a map of the eartiith persistent or seasonal cloud coverage. Note, that GOME
containing minimum reflectances of the sum of PMD2 and needs three days to cover the earth completely, thus there are
PMD3 as lower thresholds. Two different strategies couldnot more than 9 measurements during 25 days for some re-
be applied: on the one hand, we should use short periods djions on earth and the possibility that all of them are cloudy
time for the retrieval, because of seasonal variations of théS not negligible. To take both strategies into account, Hl-
surface albedo and the effects of irregular instrument degraCRU uses a four stage classification scheme analyzing both
dation dependent on the time of measurement. Hence wiong and short periods of time (see Taf)elt is particularly
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Table 1. HICRU uses four stages for the retrieval of the lower Table 2. Technical parameters used for the iterative algorithm to re-
threshold. Stage one retrieves only one image per subpixel (includtrieve the lower thresholds. The thresholds are determined manually
ing backscan) using the whole period of time, stage 4 retrieves sepbased on time series of PMD intensities and case studies to take the
arate thresholds for each day. The number of images received asxpected maximum change in the surface albedo and changes in the

lower thresholds increase from stage to stage. instruments characteristics into account. For the effects of instru-
ment degradation (and the lack of solar spectra for some months in
stage result time period 2001/2002) errors up to 8% are assumed for stage 1 based on time
1 4 images Jan 1996-July 2003 (whole time) series.
2 16 Images Jan 1996-July 2003 (4 seasons) stage relative threshold absolute threshold
3 124 images 4 seasons (separate for each year)
4 10444 images daily thresholds (using 25 days: 12 days stage 1 0.23 0.075
before and 12 days after the threshold is stage 2 0.16 0.075
calculated for) stage 3 0.08 -
stage 4 0.035 -

interesting to note that the reflectance of the PMDs depends o
systematically on the GOME subpixel. Hence we retrieve thefof the second.stage and the average Of th'S' Image sequence
thresholds separately for the four subpixels of GOME. (Fig. 3) can be interpreted as first approximation of the lower
HICRU uses an iterative algorithm similar to CRUSA threshold. During stage 2, 3 and 4 the algorithm is applied
(Wenig 2001 based on image sequence analysis for all fourt© gradually smaller sets of GOME data (see TahleAfter
stages of threshold retrieval. The main idea is to retrieve acthe fourth stage we obtain individual thresholds for each day,
cumulation points of low intensities instead of the absolutediven by the average of the 25 days considered. An example
minimum during the considered period of time. This ap- for subpixel 2 is shown in Fig. This image contains sev-
proach has at least three advantages: First the algorithm @l gaps corresponding to points, where no cloud free pixel
more robust against errors in level-1 data, especially if long'S found during the 25 da}s@.e., no value is left in the fi-
periods of time are considered, because the result is not déi@! image sequence). In this case, the algorithm has to use
termined by one measurement alone. Moreover, the accuthe average of the image sequences obtained from the earlier
mulation point method can take the seasonal variation of thé$t@ges. Figuré shows, that stage 4 can be used over deserts,
albedo during the considered period of time into account,Put not for most other regions on earth. On the other hand,
if there exist more than one measurement corresponding t§0rs in the retrieved albedo lead to errors in cloud frac-
cloud free pixels: the average of the intensities for cloud freelion, eéspecially for deserts, because of the high albedo in the
scenarios is a better choice than the absolute minimum in thi¥/avelength region used by HICRU. This makes higher preci-
case. The third advantage is, that the minimum reflectanc&on over deserts useful. Nevertheless, HICRU uses the stage
retrieved by an accumulation point method during long peri-COvering th(_a shortest_ period of time that _mcludes cloud free
ods can be used as a pre-classification criterion for the analPiXels (spatial resolution of the threshold image$: @5 de-

ysis of short periods of time: Using long periods, we can 97€€)-
identify all clouds which raise the intensity steeply to distin- i
guish them from a variation of the surface albedo during the3-3-2  Thresholds for cloudy pixels

considered period of time. The assumed maximum variation_l_h hreshold letelv cloudy pixel f
of the surface albedo is pre-defined. e upper threshold represents a completely cloudy pixel for

The principle of the iterative fixpoint algorithm is shown a cloud with high alb_edo. Image sequence analysis is not
in Fig. 2. The algorithm is initialized by building up a set necessary for the retrieval, because the thresholds do not de-

of daily global images containing the sum of the refIectancesohendho'?d sdurfaced albedo. ;rherefqrrf]a Wel retnzvgt&a;ppgr
from PMD2 and PMD3, whereas all pixels with intensities threshold dependent on solar zenith angle an sub-

clearly brighter than the Sahara are skipped. Each point o ixel only. The alg_orithm works si_milar to the retrieval of the
the image is then compared to the average image retrieve wer threshold (Fig2), but is applied separately to 1024 dif-
from the whole sequence. If the intensity of a measure- erent data sets of PMD-measurements: Each data set covers

ment exceeds the sum of the average value and a pre_deﬁn{d\/lD—measurements for a solar zenith angle bin of 2 degree

threshold (see Tabl@), the measurement is interpreted as overall 32 bins). Separate datla sets are used for each year of
cloudy and skipped from the sequence. The result is an imSOME data and the four subpixels of GOME. The algorithm

age sequence containing less clouds. This sequence is usgiprts with all PMD-measurements from one of these data

as input to run the algorithm again. This is repeated until 1), practice, only 9 days of data are considered, because the
the image sequence does not change anymore. During sta@@rth is covered completely by GOME every three days only. Dur-

1, this algorithm is applied to the whole data set of GOME ing a time period of 25 days data is therefore available for 9 days
measurements from 1996 to 2003. The resultis used as inpuinly.

www.atmos-chem-phys.net/6/4461/2006/ Atmos. Chem. Phys., 6, 44862006
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, Table 3. Technical parameters used for the iterative algorithm to
—m— subpixel 0 (east)

— @ subpixel 1 (center) retrieve the upper thresholds. At the beginning, all measurements
} subpixel 2 (west) with relative intensities lower than 0.40 are skipped. The table gives
87 W’ﬂ#;a ' v subpixel 3 (backscan) the parameters used for the iterations.
A 27T i N Ny R
- 054 """""':" ,; ;g;::;;;-
& 2000, relative threshold absolute threshold
S 044
g 0.07 0.05
>
G 03+
IS}
3 o1
5 4 Intercomparison of HICRU to other cloud algorithms
= 014
00 , , , , : : : New cloud algorithms have to be validated through intercom-
10 20 30 40 50 60 70 80

parison with existing cloud datasets. These intercomparisons
have to be done carefully especially for effective cloud frac-
_ ~ tions, because most data sets retrieved from other satellite
Fig. 5. The upper thresholds represent completely cloudy pixels.|atforms or surface observations do not provide an effective
We found a clear deper_1dency of the thresholds both on solar zenit loud fraction as defined for GOME cloud algorithms, but a
angle and GOME subpixel. . . ; .
cloud coverage retrieved with other assumptions on different
cloud properties. Hence the GOME cloud fractions retrieved
sets, whereas pixels definitely not representing completel);r_om HICRU and other CIOUd_ algorithms cannot be compared
cloudy pixels are skipped through a threshold method usedfirectly to, €g., ISCCPYchiffer and Rossowl983 or to
for pre-classification. Afterwards, each measurement of thdneteorological cloud coverage from surface observqtmn. HI-
data set is compared with the average of all measurement$&RY €an be compared to other GOME cloud algorithms or
If a measurement underestimates the average of all measur@n€ ©f the few other cloud products from other satellites re-

ments by more than predefined absolute and relative threstfi€Ving effective cloud fractions. Nevertheless, this paper
olds (see Tabl8), it is removed from the data set. The result concentrates on the intercomparison between different cloud

is a reduced list of PMD measurements, which are used tg!90rithms for GOME and the different approaches of the al-

run the algorithm again. This is repeated until the list doesdorithms are discussed with respect to the results. For some

not change anymore. The results show a significant deperf the cloud algorithms analyzed in this paper, intercompar-

dency of the retrieved thresholds on both solar zenith angldSONs are also discussedininder et al(2004).
and subpixel (Fig5).
The choice of the algorithm’s tuning parameters have to be4.1  Description of other cloud algorithms

selected carefully to obtain a smooth correlation between the

upper threshold and the solar zenith angle without outliersall GOME cloud algorithms retrieve effective cloud fraction

due to events of single, bright measurements from clouds oand in some cases additional cloud parameters like cloud top

ice surfaces. We use huge data sets (a whole year) in ordefeight (see Sectl). From a technical point of view, two

to be mostly independent of climatological dependencies andjifferent methods are used for the retrieval of cloud frac-

robust to errors in the PMD data. A single measurement withtion. The first method is the threshold method (see Se.

very high intensity should hardly affect the result. The upperwhich is used by the PMD algorithms. For the intercompari-

threshold represents completely cloudy pixels with a high,son with HICRU, we included several PMD algorithms with

but not maximum or explicitly defined or retrieved albedo. different implementations of the threshold method, which

Clouds with higher albedo than the “model cloud” repre- |ead to significant differences between the algorithms (Ta-

sented by the upper threshold are interpreted as cloud fragle 4). The second method is applied to the channels with

tions higher than 1 by HICRU. moderate spectral and lower spatial resolution and is used

Ice and snow covered surfaces can be brighter than clouds retrieve cloud fractions by ICFA and FRESCO. While

with high albedo. For the retrieval of the upper thresholdsthe threshold method is founded completely on an empiri-

different, pre-defined regions usually covered by snow or icecal base, the latter approach makes use of a radiative transfer

are skipped. model. Cloud fraction and, in the case of FRESCO, also
cloud top height are retrieved usingy&-minimization be-
tween the measured and the modelled spectra in and around
the &-A-Band. The GOME pixel of 32040km is arti-
ficially divided into a cloud free and a cloudy part, where
for the cloudy part a constant albedo is assumed a priori

solar zenith angle

Atmos. Chem. Phys., 6, 4464476 2006 www.atmos-chem-phys.net/6/4461/2006/
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Table 4. Characteristics of the PMD cloud algorithms for GOME. Abbreviations:
between the thresholds.

4467

| = lower threshold, u = upper threshold, i = interpolation

PMD algorithm used number subpixel color iterative Retrieval of Manipulation of reduced References
PMDs of maps correc- spacé re- the upper the thresholds after scal®
(0] tion trieval  threshold their retrieval
HICRU 2,3 4 — empirical - lL,u dependent - no further reference
10444 on sza and (SCIAMACHY):
subpixel (Grzegorski et al.
2009
OCRA/ROCINN 123 4 analyticaf |,u - white point in lower and upper yes Loyola (1998,
the RGB color threshold corrected v. Bargen et al.
space by OCRA scaling (2000, Loyola
factors (2009
GOMECAT/PCRA 1,23 34 - - one value per lower threshold yes Kurosu et al.(1998,
9 PMD channel increased by 10% Kurosu et al.(1999,
globally globally, upper v. Bargen et al
threshold decreased (2000
by 10% globally
GOMECAT 1,23 38 - - one value per lower threshold yes (T. Kurosu, private
(ISCCP¥ PMD channel increased by 5% communication)
globally globally, upper and references of
threshold decreased GOMECAT/PCRA
by 45% globally
CRUSA 123 1+ - Luk lu one global - no Wenig et al.(1999,
subsets map ) Wenig and Leue
(+subsetd) (2000, Wenig
(2009
PMD test 2,3 1 + - - lLu one global - no -
algorithni subsets map

@ The usage of color space analysis by the algorithm. No color space analysis means, that the reflectances of the PMDs are used directly.
ba possible, artificial limitation of the retrieved cloud fractions to [0,1], because the cloud fraction is set to 1, if the measured intensity
exceeds the upper threshold and the cloud fraction is set to 0, if the measured intensity is lower than the lower threshold.

¢ Dependent on the used HICRU stage.

dg maps with the lower thresholds for spring, summer, autumn and winter. Each map is based on three month of GOME data in April, July,
October, January using three different years of GOME data respectively.

€ The reflectances are divided by the cosine of the line of sight angle. This correction strongly deviates from the results retrieved by HICRU.

f GOMECAT is an improved version of the PCRA algorithm. The algorithm differs from PCRA as descrikkeBargen et al(2000 in its

retrieval of the upper threshold. Furthermore, the relation of PMD2 and PMD3 is no more used (T. Kurosu, private communication).

9 GOMECAT and GOMECAT(ISCCP) are the the same algorithms, but the thresholds are manipulated in different ways after their retrieval.
GOMECAT(ISCCP) use one month of the cloud coverage from ISCCP cloud climatoBuyffer and Rosson1983 and changes the

upper and the lower threshold by a global, constant factor each to receive the smallest difference between GOMECAT(ISCCP) and the
ISCCP climatology.

h Thresholds separately for the 12 months of the year and for the three PMD channels. All available GOME data is used for the retrieval of
the thresholds.

! The CRUSA release used for the intercomparisons include some changes with respect to the references: the plotting routine is changed an
the cloud fraction is retrieved for every GOME measurement using the thresholds from the images. The CRUSA release described in the
references is completely based on image sequence analysis and provides images of daily cloud fraction only.

J The algorithm works similar to stage 1 of the algorithm used in HICRU for the retrieval of the lower thresholds. The image received as
lower threshold is the average of an image sequence. Subsets of this image sequence are used to take seasonal variations partly into accou
K The cloud fraction is retrieved through a two dimensional, linear interpolation in a HSV subspace. The cloud fraction depends on the
brightness and the saturation in the color space. The hue is neglected.

| This is a test algorithm implemented by the developers of HICRU for test purposes only. Lower thresholds are retrieved similar to stage 1 of
HICRU, but only based on the year 1997. Subsets of the final image sequence are used to take seasonal variations partly into account (simila
to CRUSA). Upper thresholds are retrieved in the same way as the lower thresholds, but a maximum is retrieved instead of a minimum.

www.atmos-chem-phys.net/6/4461/2006/ Atmos. Chem. Phys., 6, 44862006
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Table 5. Results of the linear fit of the cloud fraction: Sahara and East Europe. We found, that overall the cloud
Xef(CA)=m-X.;(HICRU) + b between HICRU and various other fra}ction is described in a similar_ way by all cloud algorithms
GOME cloud algorithms (CA) for orbit 70716086 (16 July 1997). (Fig. 6). But also substantial differences are found. These
The table contains the correlation coefficient R and the standardire analyzed in detail in the following subsections.

deviation SD. Beside the PMD test algorithm (a algorithm imple-

mented by the HICRU developers for test purposes and interpre4.2.1  General differences between the algorithms
tation of the data) the best correlation is found for HICRU and

GOMECAT. We correlated the results of all algorithms to those of HI-
CRU. The highest correlation coefficient (0.987) and the
Algorithm (CA) R Sh b m smallest standard deviation (0.033) is found for the PMD test
FRESCO (GO-v3) 09163 00889 00814 0983s algorithm, which was implemented by the HICRU develop-
ICFA 0.8581 0.1259 -0.0090 1.0647 ers to constitute the design of HICRU (see Tafjleand is
OCRA 0.9386 0.1225 0.0583 1.6118 included in the intercomparison to support the interpretation
GOMECAT 0.9760 0.0498 0.0128 1.0809 of the data. Although there is strong correlation between HI-
CRUSA 0.9234 0.1105 -0.0654 1.2855

CRU and the more simple test algorithm, the improvement of
FGF;;'\SAESAJS?GCS.I\D)l ) %%222877 %11221% %115;‘;29 10":3597177 HICRU for the retrieval of cloud free pixels can be seen di-
PMD test algorithm ~ 0.9869 0.0328 —0.0054 0.9704 reptly from the gorrel_atlon_: The S|gn|f|cqnt reduction of neg-
ative cloud fractions is an improvement in the cloud retrieval,
because both algorithms use an accumulation point method
for the retrieval of the thresholds. The cloud fraction be-
(FRESCO: 80%). For radiative transfer modelling, a lamber-comes negative, if the measured intensity is smaller than the
tian cloud is assumed and Rayleigh scattering is neglected. lower threshold. Note, that only the CRUSA algorithm plots
The definition of cloud fraction in FRESCO is quite simi- negative cloud fractions beside HICRU and the PMD test al-
lar to the concept used by HICRU and the other PMD algo-gorithm, whereas the other PMD-algorithms artificially set
rithms: both algorithms retrieve an effective, intensity-basedthe cloud fraction to 0, if the measured intensity is less than
cloud fraction with respect to a cloud with high albedo. But the lower threshold.
while this cloud albedo is arbitrarily set to 80% by FRESCO, A similar high correlation as for the PMD test algorithm
it is assumed indirectly for HICRU by retrieving the upper is also found for GOMECAT (0.976, see Talilg For both
threshold. For this reason, it is especially interesting to com-algorithms the correlation to HICRU is significantly higher
pare the results from HICRU with FRESCO, because on thehan for the others<0.94).
one hand, both types of algorithms use a similar concept of We found a correlation coefficient lower than 0.9 for only
effective cloud fraction, but on the other hand, different de-two of the analyzed algorithms: ICFA (0.867) and the old
tectors on the same satellite instruments and completely difFRESCO version (0.828). For the old FRESCO version
ferent retrieval algorithms are used. Furthermore, FRESCQFRESCO GO-v1) albedo information is retrieved using two
is an established and well validated algorithm (&gele-  months of GOME data only, which is a smaller data set com-
meijer and Stammeg00Q Koelemeijer et al.2002. Be-  pared to the retrieval of the lower threshold by all PMD algo-
sides the intercomparison for one orbit including all de- rithms. The seasonal variation of surface albedo is not taken
scribed cloud algorithms (Sect.2), we also include a de- into account. The new FRESCO version (FRESCO GO-v3)
tailed intercomparison between HICRU and FRESCO usinguses the databaskdelemeijer et al.2003, which retrieves
one month of GOME data (Seet.3). During the develop- monthly albedo maps based on 5 months of GOME data
ment of this paper a new version of the FRESCO algorithmeach. Because of the higher correlation coefficient for the
(FRESCO GO-v3, see aldeournier et al. 2009 has be- new FRESCO version (0.916), we ascribe the relatively low
come available, which makes use of a better surface albedeorrelation coefficient of the old version to the shortcomings
databaseKoelemeijer et al.2003 and uses an improved of the old FRESCO version compared to the new one. The
calibration of the spectral data compared to the old versiorcorrelations of both FRESCO versions to HICRU are signif-
(FRESCO GO-v1). We use the new database, but includécantly higher (0.921/0.964) if desert regions are neglected.
both FRESCO versions for some of the studies. This is explained in Sec#.2.3 The relatively low corre-
lation of ICFA with HICRU is ascribed to the well-known
4.2 Correlation of HICRU with other cloud algorithms for shortcomings of the ICFA algorithm (Sed).
GOME orbit 70716086 For OCRA, GOMECAT(ISCCP), CRUSA and FRESCO
we found a correlation coefficient between 0.91 and 0.94.
We analyzed the representative orbit 70716086 (16 JulyNote, that the standard deviation of the linear fit is signifi-
1997) with respect to the results from HICRU and all the cantly lower (0.089) for FRESCO than for the correlation of
other algorithms described above. The orbit covers differ-the three other algorithms with HICRU. Nevertheless, these
ent kinds of surfaces: ocean, rain forest in central Africa, thefour algorithms mainly differ qualitatively from HICRU for
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Fig. 6. Correlation between HICRU and several other GOME cloud algorithms for orbit 70716086 (16 July 1997; latitude range: —55 — 65
degree) plotted together with the linear fit (red) and the identity function (orange). Note, that the y-scale of CRUSA deviates from the other
algorithms.

very high or very low cloud fractions. CRUSA sometimes tions for the interpolation between the lower and the upper
retrieves negative cloud fractions (typically between 0.0 andthreshold in HSV-color space, which results in difficulties
—-0.2, sometimes up to —0.4) for HICRU cloud fractions lower for regions with high saturation values of the lower thresh-
than 0.15. This problem is due to inappropriate assump-old (especially over ocean). This problem of CRUSA is
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Fig. 7. Correlation between HICRU and other GOME cloud algorithms for orbit 70716086 (16 July 1997). The two FRESCO releases and
GOMECAT(ISCCP) are plotted without the pixels over Sahara and Namib desert (latitude range: 12-22 and —25-12 degree). The CRUSA
data is plotted without the parts of the orbit completely or partly covered with ocean (latitude range —-55—(—3) degree, 30—4%58:gree,
degree). Excluding these regions with particular problems for the four algorithms, the agreement with HICRU is significantly improved for
small cloud fractions. The linear fit is shown in red, the identity function is plotted in orange.
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Fig. 8. Case study: Intercomparison between HICRU and other cloud algorithms over rain forest and ocean (orbit 70716086). The satellite
image from Meteosat (taken frohttp://www.eumetsat.deopyright ©2005 EUMETSAT), retrieved 1.5 h after the GOME measurement,
show clouds with varying albedo, which should be represented by a varying effective cloud fraction.

significantly improved, if regions completely or partly cov- HICRU, but with a good correlation for a wide range of
ered by ocean are neglected (FlJ. OCRA and GOME- cloud fractions. But HICRU cloud fractions between 0.5
CAT(ISCCP) retrieve significant higher cloud fractions than and 1.0 are often interpreted as a cloud fraction of 1.0 by
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Fig. 9. Intercomparison between HICRU and other cloud algorithms for a cloud free scenario over Sahara both for subpixel O (east) and
subpixel 2 (west). Especially FRESCO and GOMECAT (ISCCP) overestimate effective cloud fraction over Sahara. The overestimation of
cloud fraction over Sahara is greater in subpixel 2 than in subpixel O.
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Fig. 10. Intercomparison between HICRU and other GOME cloud algorithms over ocean for high solar zenith angles. HICRU, FRESCO,
GOMECAT and the PMD test algorithm agree very well with each other in subpixel O (east). In subpixel 2 (west), FRESCO agrees with
HICRU, while GOMECAT and the PMD test algorithm retrieve lower values than HICRU, because the subpixel dependency of the upper
threshold is not taken into account.

these algorithms. On the other hand, FRESCO and GOMEOCRA and GOMECAT(ISCCP) correlate with HICRU for a
CAT(ISCCP) retrieve a wide range of cloud fractions (be- wide range, they cannot detect a variation of effective cloud
tween 0.0 and 0.4) in the case of vanishing HICRU cloudfraction in the case of high cloud coverage with high cloud
fraction. These differences of the three algorithms to HICRUalbedo, because the upper threshold refers to a quite low
can be explained by analyzing two case studies (S4@<  cloud albedo and the cloud fraction is set to 1 if the mea-

and4.2.3. sured intensity exceeds the upper threshold. Thus, informa-
tion is lost in these two algorithms. Note, that GOMECAT
4.2.2 Case study over Central Africa and GOMECAT(ISCCP) refer to the same algorithm, but the

lower and the upper threshold are manipulated after the re-
The first case StUdy covering African rain forest and oceanrieval in different ways (See Tab@l especia”y the upper
demonstrates the importance of an appropriate definition othreshold is decreased by 45% for GOMECAT(ISCCP) (T.
the upper threshold for PMD algorithms. Most algorithms Koruso, private communication).
describe this cloudy scenario qualitatively similar to HI-
CRU. Three algorithms deviate: ICFA retrieves significantly 4.2.3 Case study over Sahara
lower cloud fractions than the other algorithms. OCRA and
GOMECAT(ISCCP) retrieve cloud fractions with a nearly Figure9 shows the results of all cloud algorithms in North
constant value of 1 for the latitude range from —3 degree toSahara including the border to the Mediterranean for sub-
+6 degree. The corresponding Meteosat image (12:00 a.mpixel 0 (east) and subpixel 2 (west). The scenario is proven
shows a cloudy scenario. However, it now becomes importo be cloud free over the Sahara using Meteosat images.
tant that an effective cloud fraction is sensitive both to cloudGOMECAT(ISCCP) and the two FRESCO releases over-
coverage and cloud albedo. HICRU and most other cloud alestimate the cloud fraction over the Sahara. The cloud
gorithms correctly retrieve a varying cloud fraction, becausefraction decreases immediately at the border between the
of the varying albedo as seen on the Meteosat image. WhiléMediterranean and the Sahara. The overestimation of cloud
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thresholds for these algorithms, because negative cloud frac-

Table 6. Results of the linear fit .
X.f(FRESCO=m-Xcf(HICRU)+b for the correlations be- tions are set to 0. . '
tween HICRU and FRESCO shown in Fil. The table contains Generally we would expect to find negative cloud frac-
the correlation coefficient R, the standard deviation SD and thetions in the GOMECAT and the OCRA dataset, if negative
number of the included measurements N. cloud fractions were not set to 0: the GOMECAT algorithm
increases the lower thresholds by 10% after their retrieval,
region R sD N b m therefore the measured intensity should sometimes be lower

pacific 09931 0.0308 43900 0.0314 1.0678 than the used threshold. For OCRA,_the selection of cloud
all 09776 0.0530 307610 0.0455 1.0459 free pixels depends on both the retrieved lower thresholds
and pre-defined scaling factors, where one of the scaling fac-
tors can result in a similar effect as the increase of the lower
threshold. Thus the lower thresholds of OCRA could be
fraction in desert regions by these three algorithms mainlypyerestimated, which would explain, that in the case of van-
explains the large differences with respect to HICRU for jshing OCRA cloud fractions, we found HICRU cloud frac-
small cloud fractions (see Fig). It is again interesting tjons between 0.00 and 0.08 for the investigated orbit, which

to analyze the difference between GOMECAT and GOME- s 3 more extended range than for all other algorithms except
CAT(ISCCP). GOMECAT retrieves small cloud fractions be- |cFA and CRUSA with their known problems (Fig). A

tween 0.0 and 0.1 over Sahara whereas GOMECAT(ISCCPjyther limitation of the OCRA algorithm is the quite limited
calculates values between 0.1 and 0.4. This is due to thget of GOME data used for the retrieval of the lower thresh-
smaller increase of the retrieved lower threshold for GOME- g (Table4), which is according to our experience too small
CAT(ISCCP) and especially to the strong decrease of the Upo find cloud free pixels in several cases.

per threshold compared to GOMECAT. Thus the intensity

difference between the upper and the lower threshold is very; 2 4 Case study over ocean: subpixel dependency for high
small over the Sahara in GOMECAT(ISCCP), which makes solar zenith angles

the algorithm very sensitive to small errors. The overestima-

tion of GOMECAT(ISCCP) and FRESCO is higher in sub- The case study (Fid.0) shows measurements over ocean for

pixel 2 than in subpixel 0 in the considered case. This sub+igh solar zenith angles. In subpixel 0 (east) we found a very
pixel effect seems to be a general effect for FRESCO (anthrecise agreement between FRESCO, GOMECAT, the PMD
probably also for other algorithms): Analyzing all FRESCO test algorithm and HICRU. On the other hand, only FRESCO
measurements over central Sahara (latitude range 15-30 dggrees with HICRU precisely in subpixel 2 (west), whereas
gree, longitude range 10-30 degree) for the correspondinghe PMD test algorithm retrieves lower values and agrees ex-
month (July 1997), we found that only 3% of the cloud frac- actly with the GOMECAT algorithm. Therefore some of

tions retrieved by FRESCO in subpixel 2 are lower than 0.1,the aspects included in our subpixel-dependent retrieval of
but 37.3% in subpixel 0. For orbit 70716086 there is a sim-the upper threshold are obviously similarly described by the

ilar effect for further algorithms: GOMECAT, CRUSA and model used in FRESCO, which uses one representative line
the PMD test algorithm retrieve slightly enhanced cloud frac-of sight angle for each subpixel of GOME.

tions in subpixel 2 (between 0.0 and 0.1). In subpixel 0, neg-
ative cloud fractions are retrieved by CRUSA and the PMD 4.3 Detailed intercomparison between HICRU and
test algorithm. HICRU retrieves vanishing cloud fraction FRESCO
nearly exactly in both subpixels. Through intercomparison
with the PMD test algorithm we conclude, that the SpriXEl- We performed a more Comprehensive Comparison between
dependent thresholds improve the results of the HICRU al+RESCO and HICRU using all orbits in January 1997 be-
gorithm. Nevertheless, although HICRU works significantly cause of the reasons discussed in S&dt. Only measure-
better over desert than other cloud algorithms, we still expecinents between —50 degree and +50 degree latitude are in-
errors of up to 2% from the analysis of a huge set of HICRU cluded to avoid a strong influence of measurements over
data. For the SCIAMACHY data product of FRESCO, a new snow and ice covered surfaces on the results. Fifjli@nd
release has been developed, which corrects for the effect ofable6 show that the correlation is generally very good but
desert dust on the surface albedo datab&serqier et al.  the correlation over ocean is better than over land (correla-
2009. tion coefficient 0.993 and 0.978). Overall, the correlation
Figure 9 shows, that GOMECAT retrieves a vanishing between HICRU and FRESCO is significantly better for Jan-
cloud fraction in subpixel 0 and OCRA small or vanishing uary 1997 compared to the orbit analyzed in Sé@. This
cloud fractions for subpixel 0 and subpixel 2. On the onecan be easily understood, because the orbit 70716086 con-
hand, this could indicate an accurate retrieval of cloud frac-tains different kind of surfaces, but ocean is strongly under-
tion for these two algorithms. But on the other hand, werepresented and desert is over-represented with respect to
cannot distinguish between accurate and overestimated lowehe global average. But the correlation between HICRU and
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Fig. 11. Correlation between the cloud fraction retrieved by HICRU and FRESCO. We include measurements between —50 degree and +50
degree latitude only to exclude most pixels strongly influenced by ice and snow covered surfaces. The plots show all measurements during
January 1997 (right) and the measurements over pacific ocean defined by the longitude range between —180 degree and —130 degree durir
January 1997 (left). The correlation is significant higher for pacific ocean. The linear fit is shown in red, the identity function is plotted in
orange.
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; greater than 1.0 only weakly correlate with the cloud albedo
1.05 of FRESCO (correlation coefficient 0.38), but we neverthe-
less usually found a FRESCO cloud albedo higher than 80%
if the HICRU cloud fraction exceeds 1 (Fitj2).

Overall, we found a very good correlation between HI-
CRU and FRESCO and most differences are explained by the
aspects discussed above. Nevertheless, the remaining differ-
ences seem to depend on the solar zenith angle, where a bet-
ter agreement is found for higher solar zenith angie4(Q).
These differences are under investigation and not completely
understood.
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. : 4.4 Shortcomings of HICRU and other cloud algorithms
098 100 102 104 106 108 110 112 114 1.16
HICRU cloud fraction There are also shortcomings limiting the cloud retrieval of
HICRU: For HICRU and the other cloud algorithms, cloud
Fig. 12. The measurements referring to HICRU cloud fraction retrieval is impossible over ice and snow covered surfaces

higher than 1 are weakly correlated to FRESCO cloud albedo. Butifynd in the case of sun glint. The cloud fraction is usually
the intensity is higher than expected for a completely cloudy pixe'overestimated in these cases.

with 80% albedo, FRESCO increases the cloud albedo to values . . .
higher than 80%, which is usually fixed to 80% a priori. On the The intensities measured by the PMD instruments system

other hand, HICRU interprets completely cloudy pixel brighter than atically de_pend on the subplxel of _GOME' HICRU improves
the upper thresholds as effective cloud fractions above 1. This studg!oud retrieval by calculating subpixel-dependent thresholds.

contains all measurements in January 1997 for a latitude range of SOme parts Qf this correction are similarly descr.ibed by_ the
50 degree and +50 degree. The linear fit is shown in red. model used in FRESCO. Nevertheless, there still remains a

relatively small subpixel-dependency of the retrieved cloud
fraction on GOME subpixel both for HICRU and FRESCO.
FRESCO is best over ocean and the results of FRESCO ar€hese effects are not completely understood and under in-
wrong over desert. Therefore the different compositions ofvestigation in cooperation between University of Heidelberg
surfaces for the considered orbit compared to the global avand KNMI. The results will be published in a separate paper.
erage can explain differences in the correlation coefficients. The actual Bidirectional Reflectance Distribution Function
Although there is generally a very good correlation be- (BRDF) can be a possible reason due to scattering properties
tween HICRU and FRESCO, there are also differences esef water and ice clouds for cloudy scenarios and perhaps also
pecially for very high and low cloud fractions. Differences due to Rayleigh-scattering for clear sky pixels.
for small cloud fractions are mainly due to differences be-
tween the surface albedo database used by FRESCO and the
lower thresholds used by HICRU, because they are mainly5 Conclusions and outlook
found for pixels over land. The increased FRESCO cloud
fractions in the case of vanishing HICRU cloud fractions are The HICRU algorithm improves the retrieval of cloud frac-
again due to the overestimation of FRESCO over deserts. Wgons from GOME PMD data using a sophisticated, iterative
also found a relatively small set of measurements with en-algorithm for the retrieval of the thresholds. Image sequence
hanced cloud fractions of HICRU but small FRESCO cloud analysis is used for the calculation of the lower thresholds.
fractions (for 0.25% of the measurements we found HICRUHICRU uses PMD2 (397-580 nm) and PMD3 (580-745 nm)
cloud fractions>0.08 with corresponding FRESCO cloud and improves the calculation through a subpixel-dependent
fractions<0.03). These differences are found over land only retrieval of the thresholds.
and we have not yet found a clear explanation. The results of HICRU are compared to several other al-
FRESCO sometimes retrieves cloud fraction 1 for HI- gorithms for GOME and discussed with respect to particular
CRU cloud fraction>0.75 and the HICRU cloud fractions specificities of the algorithms. The new methods used for
are sometimes greater than 1. This is partly due to differ-the retrieval of thresholds in HICRU significantly improves
ent, but consistent concepts of effective cloud fraction. Ifthe results for small cloud fractions. The cloud fraction is
the measured intensity exceeds the upper threshold, HICRWenerally described in a similar way by all algorithms. For
interprets the result as cloud fraction greater than 1, whichmost algorithms we found a correlation coefficient between
can happen if the cloud albedo is higher than indirectly as-0.91 and 0.94 for the linear fit to HICRU (FRESCO (GO-v3),
sumed by the upper threshold. In the same case, FRESCOCRA, GOMECAT(ISCCP), CRUSA). Apart from the PMD
fixes the cloud fraction close to 1 and increases the cloudest algorithm (a test algorithm implemented by the HICRU
albedo to values greater than 80%. HICRU cloud fractionsdevelopers to support the analysis of the data), the highest
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correlation is found for the GOMECAT algorithm (0.98). We strongly appreciate the TEMIS project for providing us with
Correlations lower than 0.9 are found for ICFA (0.86) and FRESCO data. The used FRESCO data were downloaded from the
the old FRESCO-GO-v1 version (0.82), which can be ex- TEMIS webpagehttp://www.temis.nl

plained by the shortcomings of these two algorithms: ICFA The Netherlands SCIAMACHY data center is acknowledged for
directly uses the absorption of oxygen for the retrieval of making available cloud fractions retrieved by the old FRESCO ver-
cloud fraction. The cloud top height is taken from clima- sion.

tology which can lead to large errors in cloud fraction if the we are highly grateful to T. Kurosu for the retrieval of GOMECAT
cloud top height deviates from the climatological average.cloud data.

Thg old FRESCO version uses an inaccurate albedp qat,aba% are also very thankful to D. Loyola for providing us with
retrieved from two months of GOME data only. This is im- ocRra cloud data.

proved by the new FRESCO version (GO-v3).

The intercomparison between HICRU and FRESCO isEdited by: C. George
particularly interesting, because both algorithms use a sim-
ilar concept of effective cloud fraction, but different detec-
tors and retrieval methods. We therefore compared both alheferences
gorithms using all orbits in January 1997. We found over-
all a very good correlation between FRESCO and HICRU apen. 1., Eisinger, M., Hegels, E., Snel, R., and Tanzi, C.: GOME

(0.978). The correlation over ocean (0.993) is higher than gata quality improvement GDAQI final report, SRON and DLR

over land. and Alfred Wegener Institute and Institut fuer Fernerkundung,
Over deserts, cloud fraction is overestimated by FRESCO 2000.

and GOMECAT(ISCCP). This problem is averted by HICRU Aca_rreta, J._ R., de Haan, J. F., an_d Stammes, P.: Cloud pressure re-

and the intercomparison over desert shows, that the methods {rieval using the @O, absorption band at 477 nm, J. Geophys.

used for HICRU also improve the results over desert com-_ _Rles., 8109|(D|?5t)t,D85204, dg:llo'lozzzooﬁjpoogalg" 2(()104\1/.\/
pared to the other PMD algorithms. ere, s., mat, U, von lasow, K., VVenig, WM., an ag-

) ner, T.: Estimate of nitrogen oxide emissions from shipping
The upper threshold of HICRU, retrieved as accumula-  py sateliite remote sensing, Geophys. Res. Lett., 31, L18103,
tion point of highest intensities, depends both on solar zenith  (0i:10.1029/2004GL020312, 2004a.
angle and GOME subpixel. The different PMD based al- Beirle, S., Platt, U., Wenig, M., and Wagner, T.: Highly resolved
gorithms use different definitions of the upper threshold. global distribution of tropospheric NOusing GOME narrow
OCRA and GOMECAT(ISCCP) retrieve an effective cloud swath mode data, Atmos. Chem. Phys., 4, 1913-1924, 2004b.
fraction which seems to be inconsistent for high cloud frac-Beirle, S., Platt, U., Wenig, M., and Wagner, T.: Weekly cycle of
tions, because the upper threshold refers to a lower cloud NO2 by GOME measurements: A signature of anthropogenic

albedo compared to HICRU and the cloud fraction is set toBu?:)OL\',\r;esj AUVneC)sél’(:rl]\/Tm.B 'Zti’“sms ?\AZZ5F;§§:§65034CLadstetter
unity if the measured intensity exceeds the upper threshold: Weienmayer, A, Richter. A.. DeBeek, R., Hoogen, R., Bram-
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