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1. INTRODUCTION

1.1 Purpose

This Algorithm Theoretical Basis Document (ATBD)sdebes an algorithm to detect cloudy
pixel in Level 1B data from the Medium Resolutianalging Spectrometer (MERIS). The
algorithm estimates for every pixel the likelihooficloudiness. It has been developed in the
frame of the Albedomap project, but it is a genamlicable algorithm and part of the Basic
ERS & Envisat, (A)ATSR and Meris (BEAM) toolbox.

1.2 Background

Although clouds are mostly easy to spot when a ralolassification of satellite images is
done, their automatic detection is difficult. Adlyaclouds have three radiative properties in
the visible and infrared spectral range that enttidé detection: 1.) clouds are white in the
visible and near infrared, 2.) clouds are brighthe visible and near infrared and 3.) clouds
are cold in the thermal infrared. Additionally watend ice clouds show some distinct
extinction features at 1.6pum and 3um.

But clouds, as the most variable atmospheric cesti, seldom show all properties at the
same time. Thin clouds show a portion of the uryilegl surface spectral properties and low
clouds are sometimes warmer than the ground. Axfditly some surface types, like snow, ice
and deserts have spectral properties that are asirtol some of the clouds properties.
Therefore simple threshold algorithms often faitl @xisting cloud detection schemes use a
number of different cascaded threshold based t&stsaaccount for their complexity
[Ackermann et al. 1998; King et al. 1992; Saundsmnd Kriebel 1988]. MERIS measures
reflectance in 15 channels between 400nm and 100Qims the very valuable thermal
information and the information from the liquid amm#® water absorption are not available.
The cloud detection for MERIS must therefore ratytbe cloud brightness and "whiteness".
In this way the cloud detection for MERIS has aliseheen developed and is implemented in
ESAs Level 2 scene identification [Santer et aB7]9

1.3 Objectives

The algorithm described in this document is impngvthe cloud detection in two aspects.
First, it is increasing the cloud detection selatsticompared to the standard level 2 scene
identification. Second, it is delivering not onlykenary cloud mask, but a likelihood of
cloudiness, which is very valuable for succeediggrithms.

1.3.1 Improvement of the cloud detection selectivity

The cloud detection selectivity is increased bywgsan additional information: the estimated
main scattering height, which could be cloud topthe surface. A height being significantly
above the surface indicates the presence of a diyet. The cloud top height, or more
precise the air mass above the cloud (the cloud pi@ssure), can be estimated using



Doc : ATBD Cloud detection

MER'S GLOBAL Issue :4 Rev :0
ostiva 1 LAND SURFACE |pate :03.03.2008

libertas

p—— i ALBEDO MAPS |Page :2

measurements in MERIS channel 11 at the oxygens@ration band at 760nm [Fischer et al.
1997].

1.3.2 Estimation of the likelihood of cloudiness

In general cloud detection algorithms can be sépaiato two classes: clear sky conservative
and cloud conservative. Clear sky conservative rdlgns are constructed such that the
probability of a first order error in clear sky detion is very low; in other words: if a pixel is
detected as clear the probability of cloudinessukhbe very low. This has often the side
effect that many cloud free pixel are detected lasidy. The opposite is true for cloud
conservative algorithms. Here the probability dirst order error in cloud detection is low,
with the side effect that many cloudy pixels cobkel missed. This leads to two different
nomenclatures. Pure clear sky conservative algostmark pixel as cloud free or as probably
cloudy, whereas pure cloud conservative algoritltetect cloudy or probably cloud free
pixel. However, in practice most cloud detectiogoaithms try to minimize the probability of
the first and secondary order error in cloud dondd free detection, only with the tendency to
cloud or to clear sky conservative. What kind afucl detection algorithm should be used is
mainly a question of the succeeding algorithm. Althons relying on cloudy pixel need a
cloud conservative cloud detection and vice variamatologically applications need balanced
detections which are bias free.

The new algorithm is able to serve both needs.Herbasis of extensive validation studies it
returns for every pixel the likelihood of cloudisedn this way cloud free conservative
detection and cloud conservative detection neediggrithms can use their own threshold of
probability of cloudiness.

1.3.3 Post-processing using additional spectral tests, ald edge information and
temporal tests

During the validation phase of ALBEDOMAP it has beeund, that the cloud mask was
insufficient under special conditions as follow:

1. the discrimination ability between snow / ice wasip

2. thin clouds / partly cloud covered pixel are toteafmissed

3. cloud shadow is insufficiently detected

The reasons lay basically in the inadequate spestinailated databases:..

1. The available databases of surface reflectancemrircular snow and ice, don’t cover
the natural variabilities, for the bands of MERBhey will be availableafter the
ALBEDOMAP project, but only if the cloud detectiovas successful.

2. Cloud shadow and partly cloudy pixel can not beutated using 1D radiative
transfer. Thus, their spectral fingerprint was patt of the simulation database (partly
cloud pixel can only be approximated usingitidependent pixel approximatipn

3. Very thin clouds and pixel with a low cloud coveavie a spectral signature, that can
not be separated from cloud free pixel.

To improve the cloud detection we decided to extdred current cloud detection with two
spectral test as described in sections 3.2Hlue (band tegtand 3.2.4.29now restoratio),

with a cloud edge flagging described in section.832 and with two temporal stability
analysises described in section 3.2.4.4 and 8.2 contrast to the cloud probability which
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is based on radiative transfere simulations, th& poocessing tests are based on empirical
thresholds, since an RTM based approach is notlpess

A cloud shadow prediction would be possible, if theud top height of corresponding cloud
is known. The usage of this is under investigatioowever this would need a L2 product
prior to the cloud shadow detection. Here we detide a more basic solution: we exclude a
range around a cloudclpud edge flaggingin section 3.2.4.3). This has an additional
advantage: Partly cloudy pixel are often closeldoday pixel and are therewith tackled.

2. ALGORITHM OVERVIEW

The cloud detection scheme described herein igdedifor the MERIS LevellB data and is
based on inverse modelling of radiative transferusations covering the natural variability of
spectral cloud and surface properties. The simdiladeliances have been used to train an
artificial neural network (ANN) to discriminate beten the cloudy and cloud free cases.
During the validation of the network (up to now ansomehow incestuous way using the
simulated data, in future with independent obséna) the relation between a recall value of
the ANN and the real likelihood of cloudiness isgmeterized using a logistic function.

Database of simulated cloudy and
cloudfree spectra for a ,full® varity
of cloudy and cloudfree situations

-\
= ﬂ \\\:\\;

: 4

Z

@ E> ANN E} nn2prop E>
3

=
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I

Validation activities /
data

Figure 1: Scheme of the cloud detection algorithm.
An artificial neural network (ANN), trained withrsulated radiances, converts MERIS
measurements and the surface pressure into a nubabereen 0 and 1. This number is finally
converted into a likelihood of cloudiness. Thedattonversion is based on data from
validation activities.
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3. ALGORITHM DESCRIPTION

3.1 Theoretical Description

The objective of the cloud detection scheme isisoraninate cloudy from cloud free pixel
without using textural or temporal information; prpectral information is used: 1.) the top
of atmosphere MERIS Level 1b reflectance, and e) tatio between the reflectance at
channel 11 at 760nm within the oxygen A absorpliand and a reference channel at 754 nm
(channel 10) together with the approximated surfaessure.

3.1.1 Physics of the Problem

Clouds consist of water droplets and ice partielgh diameters between 0.1um and 100um,
whereas the optical effective radius of cloud debplistributions ranges typically from 5um
to 40um, ice particle can be much bigger. The appicoperties of such particle distributions,
namely the spectral extinction and absorption, bancalculated using the Mie theory
[Wiscombe, 1980] if the particles are spheres aidgugeometrical optics if the ice particles
are large enough [Macke et al. 1996]. However, lincases the extinction coefficient is
spectrally neutral in the visible. Additionally veatand ice show no or only a very small
amount absorption in the visible spectral rangadileg to a single scattering albedo of 1.
These two optical properties correspond to thertvast obvious features of clouds seen from
space: they are white and bright. [[Figure [tb umed] shows the spectral extinction
coefficients and the single scattering albedo eksa cloud particle distributions between
400nm and 1000nm.]]

Clouds have, compared to all other atmospherictitaaats, very high optical thicknesses in
the visible spectral range. Therefore clouds shigtdsurface from the solar radiation and the
mean photon path in a cloudy atmosphere is usshthyter than in a cloud free atmosphere.
The mean photon path length in a cloud free atmergplban be estimated if the surface
pressure and the surface brightness are known.tidddily, the actual mean photon path
length can be deduced using measurements in tlgeexy absorption band at 760nm (which
is covered by MERIS channel 11), whereas a low oredsamount of absorption belongs to
short photon paths and a high amount of absorgigdongs to long paths. ESAs L2 cloud top
pressure algorithm [Fischer et al. 1997] is usinig information to estimate the air mass
above a cloud or the surface. An inconsistency éetwhe assumed clear sky surface pressure
and the measured amount of absorption indicategrdsence of a cloud.

The spectral and directional properties of clouskfopen ocean pixel and land pixel differ
significantly from each other. Open ocean pixelvglaostrong dependence of the spectrum on
the viewing geometry: the sun glint region is btighd white, whereas the backscattered light
is dominated by Rayleigh scattering (Figure to hauded). Land pixels don’'t show such
features. Tentative investigations have shown, ttietesults of the cloud detection are better
if the algorithm is separated into two parts: ooiethe open ocean and one for the other pixel
(henceforth called “land pixel”).

3.1.2 Spectral variability of channel 11

MERIS is an imaging spectrometer consisting oféntccal modules arranged in a fan shape
configuration where each camera is covering a ldgrede field of view. The spectral

dimension is achieved by imaging the entranceo§lihe spectrometer via a dispersing grating
onto a CCD array. This leads to small variationthefcentral wavelength of each band across
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the field of view of each module: the "smile effedfor MERIS the variability can reach
1.5nm (see Figure 2). All algorithms using bantise to strong spectral features need a
precise spectral characterization, a single centravelength is not sufficient. This is
especially true for algorithms using band 11,udahg the herein described cloud detection.

761.5[

}

761.0}

A(nm)

760.5}

760.0 |

759.5(

0 200 400 600 800 1000 1200
Reduced Resolution Across Track Pixel Number

Figure 2: Central wavelength of MERIS ch. 11 as a functibi®across track position.
Clearly visible are the 5 MERIS modules and theablity within each module ("smile
effect”)

3.2 Mathematical description of the algorithm

The inversion of the radiative transfer to detéotidy pixel is performed by a special type of
an artifical neural network: a Multi-layer Perceptr(MLP). The parameters of the MLP
(henceforth called the inversion matrices) are tbuluring an optimization process (the
training) using the results of radiative transfenwdations. The usage of an MLP for the
multidimensional non-linear regression of the saedl data to the cloudiness of a pixel has
the disadvantage of not being physically based serse that the elementary functions of an
MLP do not correspond to the radiative transfercioudy and cloud free atmospheres.
Therefore the MLP will give un-predictable and umypical answers if the input data is
outside the data space of the training datasemifomize this disadvantage effort must be
put into the thorough generation of the trainingpdat, into the pre-processing of the satellite
data, which must filter out such data, and into hkdation of the algorithm. On the other
hand the usage of an MLP has the advantage of izptgnthe needed coefficients in an
objective and comprehensive way by minimizing at ¢osction, in contrast to the common
procedure of manually adapting and combining thkeish

The first part of this section describes the radgatransfer simulations and the calculation of
the inversion matrices. The second part descrihesapplication of the found inversion
matrices to MERIS data to estimate the likelihobdlouds.

It is beyond the bounds of this document to listalculated weight matrices, parameter and
scaling factors, but they can be found in the “.xtlata/cloud/’ directory of the beam
installation.
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3.2.1 Calculation of the inversion matrices

3.2.1.1 Radiative transfer simulations

Radiative transfer simulations have been perforitoedreate a comprehensive data set as a
basis for the MLP training. We used the radiatramsfer model MOMO based on the Matrix-
Operator-Method [Fischer and Grassl, 1984; FellRisdher, 2001], to create the database. It
is a one dimensional model generating azimuthalplved reflectances at TOA for the used
MERIS bands Table 1) for a variety of observation and illumination geetries. The
simulations cover the whole range of possible cjoamsld cloud free conditions. The spectral
properties of the surface range from dark oceafases to white snow covered surfaces, the
surface heights range from pressures of 1100hPa5@mhPa. The clouds have optical
thicknesses between 0.5 and 150 and heights bet3@dPa and 800 hPa above the ground.
(Table 2

(MERIS band) |(01) 412,50 (02) 442,50 (03) 490,00 (04) 510,00
wavelength | (05) 560,00 (06) 620,00 (09) 708,75 (10) 753,75
[nm] (11) 760,10 (*)  (13) 865,00

Table 1:MERIS bands used in the proposed cloud detectgorithm.
(*)Channel 11 has been simulated for several céniavelengths in the range [759.nm,
763nm] to account for the smile effect.

Parameter Range

Cloud optical thickness (0) 0.,05,1., 2., 9,20, 40., 80., 150.

Surface type (1) ocean 2m/s, ocean 7m/s, desgaitses vegetation, dense
vegetation, snow, urban

Surface height (2) -100m , 0, 500m, 1200m, 250@0H0M, 8900m

Cloud top height (3) 700m, 1500m, 2500m, 2700m, 05®0 7000m, 9000m,
11000m, 16000m

Table 2:Important atmospheric and surface parameter usdtie RT simulations.
(0) A cloud optical thickness of 0 is the “clouddrcase”. (1) The BRDF of the ocean surface
is calculated according to a wind speed of 2m/s amds, the spectral properties of the land
surfaces are calculated using NASAs “Aster spedifbedry” [Nasa]. (2)The surface height
is given relative to the sea level.(3) Not all comations of cloud top height and surface
heights have been used, clouds were always at3&h&ta higher than the ground

3.2.1.2 Azimuth different definition

According to the ESA practice, an azimuth diffeeraf 180° is assigned to the forward
scattering direction (e.g. the sun glint) while #fedence of 0° is assigned to the
backscattering direction.
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3.2.1.3 Observer geometry transformation

The observer geometry needs to be transformed @ddesian coordinates to avoid
discontinuities of the azimuth difference at Nadine parametersandz are used as input to
the network.

X = SiNWview) COS( az))

Y = SiN(view) SIN( az)

Z= COSUview)

The parametey can be calculated from andz and is therefore not needed as an extra
information for the algorithm.

3.2.1.4 Composition of the training pattern

Each training pattern consists of an input andwpuwd vector. The input vectbrcontains all
information used later on for the cloud detectitine absorption free MERIS Levellb
reflectances, the reflectance ratio of channelrd @hannel 10, the associated wavelemgth
of channel 11, the cosine of the solar zenithcthgne of the viewing zenith, the transformed
azimuth differencex) and the surface pressupe The output vector consists of only one
number: the cloud masim (O is cloud free, 1 is cloudy). Herein the reftexer is defined

r(0="") ot )

whereFy(l ) is the solar irradiance ahq/) is the measured TOA radiance.

(01) I 212 (02) I 242 (03) I 400 (04) 510
.. (05) I 560 (06) 620 (07) 708 (08) 754
Training pattern g, . (A0)rreirrss  (11)p (12)/(ch11)
(13) coslso) (14) coslview) (15)x (16)cm

Table 3:Composition of the training pattern.
The first 15 elements are the input vector; theé édsment is the (one-dimensional) output
vector, the cloud mask.

3.2.1.5 Optimization / Training

Formally, the signal processing in an MLP can bitenr as:

& =stw#s( s ).

An input vectorl is transformed into an output vectOrby a sequence of multi-dimensional
linear transformations and non-linear scalings &wang dash indicates that the input and the
output vector are usually pre-processed, for irtstataled to values between 0 and 1. But this
pre-processing is fixed and not part of the trahinThe linear transformation is a matrix
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multiplication withW denoted by #. The non-linear scaling is the elemése application of
the non-linear functios to the result of each linear transformation.

1
1+e-t>'(

s()=

The used MLP has three layers and therewith twahtenatricedV, andW,. The objective
of the training is to find the matric®¥ andW, that minimize the cost functidn

|_(V\/1,\/\/2):1 n (Oi'jsim' Oi'jnet(\/\/:l_,Wz))2 min

i=1 j=1

Oret is the output vector from the MLP a@, is the output vector from the simulatianis

the number of training patterm is the number of elements of the output (in oweca).
Several methods can be utilized for the optimizgtleere a gradient descent optimization has
been used.

3.2.1.6 Parameterisation of the Likelihood of Cloudiness

During the validation of the network the relatiogtween a recall value of the MLP and the
likelihood of cloudines® (o) will be quantified:

Plo,a) =)

N is total number of cases where the recall of thiNAs betweero, andoy, n is the number
of cloudy pixel among them. These types of proligbdistributions of quasdichotomous
variables can be approximated by a two parameggstio function:

PO)* ot 1o )

Up to now the parametérandx, are approximated using simulated data. In futuveli be
based on independents validation data. Furtherrdunhancement could be situation
dependent parameter setsfond x,, (depending on season, underlying surfaE&gure 3
shows the current probability distributions and fitted logistic functions for the land and the
sea algorithm.
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Figure 3: Measured likelihood of cloudiness (black) anaéittogistic function (green) for the
land (left) and the open ocean (right) algorithm.

3.2.2 Data pre-processing

3.2.2.1 Actual surface pressure

MERIS L1b data contains 1.) the surface prespufer sea level from the European Centre
for Medium-Range Weather Forecasts (ECMWF) andh#&)surface height from a digital
elevation model (DEM) at the tie points. 1.) anga2e bi-linear interpolated to the respective
pixel position and the actual surface pressuretisnated using theaternational barometric
formula for a standard atmosphej@&tat???]:

5.255

0.0065x

= X ]-
p(h) =101325x% 1 28815
This is of course only an approximation but pre@s®ugh compared to most cloud top
pressures, which are much higher than 30 hPa ahewground. Clouds close to the ground or
fog will lead to ambiguities. This has to be invgated in more detail. Additionally the
consequence of the reduced spatial resolutioneofisumed surface pressure at the tie points
should be investigated. Further improvements shosédmore appropriate profiles.

3.2.2.2 Separation of open ocean pixel

Sea pixels are considered as Open Ocean if thenosedeeper than 50m. The L1B digital
elevation model data at the tie points is bi-linederpolated to the respective pixel position.
Further improvements could use a better DEM fromileuy data.

3.2.2.3 Limit checks

The cloud detection algorithm produces reliable Itesonly if all input data are within the
training data space. Up to now a simple check ifopaed, which tests if all elements of the
input vector are within its limitsT@ble 4). Data outside the limits will not be processed.
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Parameter — Ll - — ®peileeedi -
Minimum Maximum Minimum Maximum
I 412 3.44e-02 3.76e-01 6.30e-02 3.48e-01
I 442 2.89e-02 4.16e-01 4.93e-02 3.48e-01
I 490 2.18e-02 4.60e-01 2.90e-02 3.46e-01
l's10 1.90e-02 4.62e-01 2.19e-02 3.45e-01
I 560 1.29e-02 4.48e-01 1.49e-02 3.46e-01
I 620 8.20e-03 4.66e-01 1.00e-02 3.49e-01
I 708 4.94e-03 5.65e-01 6.65e-03 3.53e-01
I 754 4.08e-03 5.93e-01 5.62e-03 3.55e-01
I 865 2.50e-03 6.10e-01 4.83e-03 3.59e-01
I 764/T 754 1.16e-01 9.92e-01 1.39e-01 9.93e-01
P 332 hPa 1025 hPa 980 hPa 1025 hP3
| (chll) 759.0 nm 764.6 nm 759.0 nm 764.6 nm
COSWUso) 0.149 0.975 0.149 0.975
COSUview) 0.75 1.00 0.75 1.00
X -0.661 0.661 -0.661 0.661

Further improvements will use a more sophisticatgait data check, since this test is weak,

Table 4 Limits of the input data.

if some elements of the input data are correldtke the blue and the NIR reflectances).

3.2.3 Cloud detection

The cloud detection is straight forward. First, ijgut vectorl has to be assembled for each
pixel as described imable 3. Second, the scaled input vectorhas to be processed using:

0=S Mz#s 6/\/1#?))

3.2.4 Data post-processing

The recallo has finally to be converted into a likelihood obutlinessP(0) using the
parameter? andxm, found during the validation.

PO ot 1o )

During the validation phase of ALBEDOMAP it has bdeund, that the spectral databases
used for RTM simulation were inadequate to descspecific situations. In particular the
detection of thin clouds or partly cloud covereggbiand the discrimination of clouds from
snow and ice has been found to be insufficient.

To improve the cloud detection we decided to extdred current cloud detection with two
spectral test as described in the following sesti@md with a cloud edge flagging. In contrast
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to the cloud probability which is based on radiatikansfere simulations, the post processing
spectral tests are based on empirical thresholds.

3.2.4.1 Blue band thresholding

To improve the sensitivity of the cloud detectiovddo compensate the limitations of the used
spectral database an additional blue band thresisoldsed to identify bright pixel. The
physics behind is that almost all land surfacesi¢leesnow and ice) are very dark in the UV.
Here the threshold is defined on the TOA reflectaimcthe 412 nm channet4, as defined

in 3.2.1.4). A pixel is assumed to be cloudy if theud probabilityP(0) is larger than 0.8or

the reflectancer,i2 is larger than 0.1 (the current thresholds carfdoed in the auxdata
directory of beam). This test is not applicable romater surfaces with the potential of sun-
glint and surfaces with risk of snow..

- = S Tt [ |GCP @ | e e W
BaB|E-R e ? Il Eas @il Sizamd AL OO
E ] ; [3] MERIS L2 - High Quality RGB | [2] MERIS L2 - High Quality RGE ! b
Geo-location =
_ Coordinate | Value | Unit | e
840 pixel =l =2
19547 pixel Q%
tug [12°06'44" E __ |deqree hdfl o
Time Info = Y
[ Time [ wvalue [  unt_ | Lad
|Date [2005-07-06  Y""Y-MM-DD_| +
Time UTO) |10:08:35:644 .. [HH:MM:SS:mm ...| | S
T uTo | 1 N
Tie Point Grids e/ Spect 2
Tie Point Grid | Value LiETin v
latitude [49.105003 T ] Oy
longitude 121121855 | | 0.3
|dem_alt |391.71875 ] D
Bands || oa2es] @
Band i Value = :
0.15
0.075
i — T
400 S00 600 700
Wavelength [nm]
Flags e
e Flag | Value ||
sdr_flags.INVALID_SDR [Not loaded ||
2gs.INVALID_SD... Not loaded =
ags.INVALID_SD... [Not loaded lv
[ISnap to selected pin
& Products | {2 Pixel Info | ' ' ' L | e
Ready. [2] 849,55.. Insert 10:33:01.. 347M of 371M | ‘g

Figure 4: Example of spectrum of a partially cloud pixel andloud free pixel. The spectral
shape of both spectra shows a strong vegetatioragige
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3.2.4.2 Clear sky restoration using a normalized snow index

The blue band threshold test does not discrimibatereen clouds and snow at all, the cloud
probability test has a poor ability to differenéidbetween low clouds and snow. Therefore
wrongly as cloud identified snow must be restorElde next test can identify bright snow

pixel by using a weak ice water absorption in tH& Nf the normalized difference snow
indexndsi

ndsi= Is65~ "800

+7r

r865 890

is larger than 0.025 then a pixel, that before heen denoted as cloudy has to be restored as

cloudfree. (Note, that this testm®t a stand alone and complete snow test, it workg foml
fairly bright pixel)
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Figure 5: Example for the impact of the snow index: The gturguoise) in Norway as well
as in the Alpes is detected, the corresponding ppeerestored as cloud free.
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3.2.4.3 Cloud edge processing

In the cloud edge processing, each pixel in a 4xdl @rea surrounding a cloud pixel will be
flagged as cloud edge. The following pseudo-coderilges the procedure.

for each pixel (i, j) {
/l handle image borders here to avoid array out of bounds exception
if cloud_flag(i, j) {
for n=j-4 to j+4 {
for m=i-4 to i+4 {
if not cloud_flag(m,n) then cloud_edge = TRUE;
}

}
}
}

Currently an extension of this test is under ingedton that excludes cloud shadow by
assuming a maximum cloud top height of 13 km. Thiection of the shadow is the sun
azimuth plus 180°, the extensionli8km * sin().

3.2.4.4 Temporal analysis to detect residual cloud cover

This test is not based on spectral features, likéests before. It is based on the temporal
analysis within thalready 16 day binnedSDR data. An sdr-bin is investigated for outlier i
the relative variability is larger than 25%. An @@ sdr spectrum is marked as cloud
contaminated if the distance between the refleetamchannel 1 and channel 1 mean is larger
than the standard deviation in the bin. This pracedvill be 3 times iterated. When the
number cloudy pixel exceed 1/3 of the total nuntherthreshold of the relative variability is
reduced to 12.5% and the distance is increasedch@odbuble standard deviation. The
following pseudo code illustrates and specifiesptaeedure:

error_rel_thresh = 0.25
n_itter=0
n_cloud =0

#Abbrevation: SNCC = sdr not cloud contaminated
WHILE n_iiter LT 3 DO

/ICalculate bin statistics

sdr_mean = SUM(SNCC) / NUMBER_OF(SNCC)

sdr_mean_square = SQRT (SUM(SNCC*SNCC) / NUMBER_OF(  SNCC)"2)
sdr_rmse = SQRT ( SUM( (SNCC—sdr_mean)"2) ) / NUMBE R_OF(SNCCQ))
sdr_error_rel = sdr_rmse / sdr_mean_square

/ICheck if the variability in bin exceeds threshold
/ffor low number detected clouds in bin
IF((sdr_error_rel GT error_rel_thresh)) AND
(n_cloud It NUMBER_OF_ALL_SDR/3) THEN
FOR each element of SNCC in bin DO
IF (sdr(element) — sdr_mean) GT sdr_rmse THEN
[ffilter out outlier
mark_element_as cloud_contaminated
n_cloud ++
CONTINUE with next element
ENDIF
ENDFOR
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ENDIF

/ICheck if the variability in bin exceeds threshold
IF sdr_error_rel GT error_rel_thresh/2. THEN
FOR each element of SNCC in bin DO
IF (sdr(element) — sdr_mean) GT sdr_rmse*2 THEN

/ffilter out outlier
mark_element_as cloud_contaminated
n_cloud ++
CONTINUE with next element

ENDIF
ENDFOR
ENDIF
n_itter ++
ENDWHILE

3.2.4.5 Blue band time series in L3

Although the former tests already detect most efdloudy pixel, some cloudy pixel remain
undiscovered, in particular partly cloud pixel owemse vegetation. The reason are twofold:
1.) their spectrum is hardly distinguishable frorspgctrum of a cloud free pixel over “not so
dense” vegetation. 2.) The temporal analysis (32.within a 16 day period sees in some
cases not enough different spectra to be applicdbie is in particular visible in the summer
season in South East Asia and India (illustrateBigure 6). "These pixel are filtered out in
the blue band time series test using the samegshgsiin the blue band test (3.2.4.1): Almost
all land surfaces (beside snow and ice) are verly mathe UV. A L3 bin is assumed to be
cloud contaminated if the white sky albedo at 41Zmuoeeds the annual median by 50%.
(Figure 7) This test is not applicable (and has not beetiegypover water surfaces with the
potential of sun-glint and surfaces with risk ofoan An exemplary output of this test is
shown inFigure 8.
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Figure 6: True color image of 16 day black sky athefor August 2005.In India and south
east Asia many “yellowish” pixel are visible, whicre undetected cloud contaminated bins

Figure 7:Typical time series of white sky albedo4it2 nm over India. The lower line is the
median for the year, the upper line is the 1.5*madi The bins with a white sky albedo
above the second line (around doy 100 and doy 2#&8)flagged as cloud contaminated.
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Figure 8: True color image of 16 day black sky atbefor August 2005.with cloud
contaminated bins masked aut

3.3 Practical Considerations
Numerical exceptions (underflows (TBC) and overfiywave to be caught and flagged.
3.3.1 Numerical Computation Considerations

The algorithm needs no iterations and no searchings therefore save in operational
applications.

3.3.2 Calibration and Validation

The validation of the cloud detection is an intégpart of the algorithm. Without the
validation the estimation of the probability of athness can not be performed. However, this
has not yet been done and will be the main tasiutafe work

3.3.3 Quality Control and Diagnostics

3.3.4 Exception Handling

If the input vector is outside the training datasp or if numerical exception occur, then the
cloud probability of the pixel is set to correspomgd‘no data” value.

3.3.5 Output Product

Output product of the cloud detection algorithnthis likelihood of cloudiness of a pixel.
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4. ERROR BUDGET ESTIMATES

The validation of the cloud detection is an intégpart of the algorithm. Without the
validation the proper estimation of the probabilifycloudiness can not be performed. This
has not yet been done and will be the main tadltafe work. The effect of fractional cloud
cover has to be investigated.

5. ASSUMPTIONS AND LIMITATIONS

MERIS has not been designed for cloud remote sgnamd lacks of thermal and NIR

channels important for cloud detection and clougismliscrimination. Especially 1.) some

thin high clouds (cirrus) will be invisible for MEHR and 2.) very low clouds and fog can not
differentiated from snow.

Three dimensional effects, especially very hetemegas low level clouds could lead to
photon path extensions, which could be misintegateis cloud free situations.

6. ABBREVIATIONS, SYMBOLS AND DEFINITIONS

AER Aerosol

ANN Artificial neural network

ATBD Algorithm theoretical basis document
BIAS Bias (numerical offset)

ECMWEF European Centre for Medium-Range Weatherdasts
DEM Digital elevation model

Doy Day of year

Envisat  European environmental satellite

ESA European Space Agency

L1b Levellb

L2 Level2

MERIS  Medium Resolution Imaging Spectrometer
MLP Multi-Layer Perceptron

MOMO  Matrix-Operator Model

NIR Near-infrared

TOA Top-Of-Atmosphere
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VIS Visible
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