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Cloud detection in Hyperspectral Images With
Atmospheric column WAter vapor. Application to
PRISMA and AVIRIS-NG images

Alexandre AlakianMember, |IEEE

Abstract—The CHIWAWA (Cloud detection in Hyperspectral
Images With Atmospheric column WAter vapor) cloud detectim
method is presented. It aims to detect thick and thin cloudsn a
single hyperspectral image covering the re ective spectiarange
[400-2500nm] in an unsupervised way. Its main originality § to
combine the complementary information available in the graind
re ectance image and the atmospheric column water vapor map
(WV map). The method uses criteria based on re ectance to
compute a mask of potential cloud pixels and re ne it by
exploiting the WV map. The use of the WV map is central
to the method, as it has the greatest discriminating power. tl
therefore plays a role similar to that of thermal bands, which are
very useful for cloud detection, but are absent in the re ecive
spectral range. Two specic processings are also proposed t
detect snow and ice pixels and to reduce the altitude dependey
of the WV map in mountain images. CHIWAWA performance is
assessed on several hyperspectral images acquired with PRVA
and AVIRIS-NG sensors. Overall accuracy ranges in 97-100%
for both sensors. When cloud cover is above 10%, {F score
ranges in 94-100% for both sensors. For lower cloud covers,
F1 score ranges in 83—94% for PRISMA images and in 84—91%
for AVIRIS-NG images. CHIWAWA may encounter dif culties
in detecting thin clouds located over urban areas or when the
contrast between the cloud and its surroundings is low in the
WV map.

Index Terms—atmospheric column water vapor, cloud, detec-
tion, hyperspectral, ice, re ectance, snow, unsupervised

I. INTRODUCTION

the cloud mask, either by comparison with a cloud-free refer
ence image [1]-[4] or by detecting clouds as anomalies [5]. A
multi-sensor approach can take advantage of the informatio
from a sensor with a higher revisit [6]. This type of method
is not easily applicable to hyperspectral images, as foh eac
image studied there must be a cloud-free image with similar
shooting conditions, and the surface must not have changed
(e.g. seasonal variations).

Single-scene-based cloud detection methods mainly use
spatial and spectral features to distinguish ground sesfac
from clouds. Machine learning methods combined with featur
analysis can be used, such as Markov random eld (MRF)
framework [7], [8], support vector machine (SVM) [9], nelrra
network [10] and deep learning [11], [12]. Such methods
require a large number of samples, taking into account the
great variability of clouds in terms of shape, spatial eziten
and thickness variations within the same cloud, but also the
variability of non-cloud surfaces. In the case of opticdhyn
clouds, the surface re ectance beneath the cloud con&but
signi cantly to the at-sensor radiance. The variabilitytbése
surfaces must also be taken into account, as well as the
variability of cloud optical thickness, which has an impact
on cloud transmittance and thus on ground contribution. In
the end, sample diversity can be extremely high, making it
dif cult to detect thick and thin clouds with machine leangi
algorithms.

Hyperspectral remote sensing allows the simultaneous acClouds are characterized by a high apparent re ectance and

quisition of hundreds of narrow and contiguous spectratlbana lower temperature than the underlying surface. For sensor
usually ranging from the visible to the short-wave infraredvith spectral bands in the re ective range [400-2500nm] and
The pixel spectra provided by such sensors can be explaitedhe thermal infrared range, cloud detection methods based
extract information about the components of the studiedesceon thresholding combinations of bands (single bands, band
(material constituents, gaseous and aerosol concemsatiodifferences, band ratios or other combinations) and hisiog
Covering more than 50% of the global surface, clouds oftérave been developed, including ISCCP (International Satel
affect hyperspectral images. Thick clouds can completiglg h lite Cloud Climatology Project) [13], CLAVR (CLouds from
ground surface properties, while thin clouds allow acceskeé the Advanced Very High Resolution Radiometer AVHRR,
spectral properties of the surfaces below but by alteriegnth NOAA) [14], APOLLO (AVHRR Processing scheme Over
These cloudy areas need to be detected in order to facifitate cLouds, Land and Ocean) [15], ACCA (Cloud Cover Assess-
interpretation of the acquired images. Cloud masks thezefanent Algorithm) [16] and Fmask [17], [18]. Fmask is the
need to be created. method implemented to detect clouds and associated shadows
Cloud detection algorithms were developed for differerttn Landsat images, with an average overall accuracy of 97%.
sensors with various spectral ranges and spectral bande So The temperature information enables effective discrimina
methods use time series of images of the same area to calcui@in, but is not accessible to sensors without thermal hands
Methods exploiting only bands in the re ective range were
also developed. CDAG method [19] performs thresholding
on band combinations to build a cloud mask, the thresholds
used having been estimated from AVIRIS images. The Fmask
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WV map RGB
Fig. 1. RGB composition of a PRISMA image in France (left) amdAVIRIS-NG image in Switzerland (right), and correspargdWV maps. WV is lower

at the location of clouds than around them: the CHIWAWA métipooposes to use this information to detect thick and thimds$. To improve visualization
on the WV map, dark surfaces (mainly shadows and water) hege tetected (see section IlI-B) and the average WV map Veladeen assigned to them.

WV map

method has been adapted to Sentinel2 [18]. In [20], a cloud snow and ice pixels. The hyperspectral ground re ectance
detection method based on modi ed radiation transmittaace image is essentially used for this task. A processing
proposed and is assessed on Gaofen-2 multispectral images. dedicated to the detection of potential cloud pixels over
Another way of detecting clouds is to retrieve cloud optical green vegetation is also used.

thickness from a dedicated look-up table (LUT) storing top- Phase 2: re nement of the potential cloud pixels mask

of-atmosphere radiances relative to a wide con guratioatef
mospheric scenarios including different acquisition getiias
and cloud optical properties (cloud optical thicknesseetffre

using the WV map. This is achieved by combining
two complementary processes: a rst one is based on
thresholding the WV map, a second one exploits the

radius) [21], [22]. LUT radiances are calculated making use contrast between clouds and their environment in the WV
of a radiative transfer code. map. A post-processing is then applied in order to remove
Some specic spectral bands can be used to detect or false clouds.
characterize clouds, such as the 760 nm oxygen A-band [23]The use of WV is central to phase 2: it has a high
or the 1380 nm water vapor band which is dedicated Hscriminating power, quite similar to the thermal bandatth
cirrus clouds [24]. In this paper, we will take a specighre often used for cloud detection. Upstream, pre-procgssi
look at atmospheric column water vapor, noted WV in thgre applied to improve detection performance: dark pixels i
following, and see how it can be used to detect clouds. Durilﬁgperspectrm image are identi ed and removed from WV map,
atmospheric correction of a hyperspectral radiance im&8€, and dependency between WV and altitude is reduced (for
is estimated for each image pixel using water vapor absorptimountain images). The owchart of CHIWAWA method is
bands around 940 nm or 1140 nm [25], [26]. For a givepresented in Fig. 2.
pixel, in the presence of a cloud, a variable proportion ef th The paper is organized as follows. The two main phases of
photons emitted by the sun are re ected by the cloud aghjwawA are described in sections Il and IlI. In section IV,
cannot interact with the water vapor beneath the claowd t(e CHIWAWA is assessed on several hyperspectra] images ac-
absorbed), leading to an underestimation of the WV value fguired with PRISMA [27] and AVIRIS-NG [28] sensors, and
that pixel. As a result, the estimated WV value is generalppmpared with other state-of-the-art methods. Finallygive

much lower on cloud pixels than on other pixels, allowingonclusion and highlight the potential directions of fietur
clouds to be clearly observed on the WV map (see Fig. 1)research work.

In this paper, the CHIWAWA method (Cloud detection in
Hyperspectral Images With Atmospheric column WAter vapor)II DETECTION OF POTENTIAL CLOUD PIXELS(PHASE1)
is presented. It aims to detect thick and thin clouds in a
single hyperspectral image in the spectral range [400-2500 A. Overview

without supervision. The originality of the method lies in goal of this phase is to identify pixels that are de njitel
exploiting the complementarity between atmospheric walgh: cloydy and thus create a mask of pixels that are poténtial
vapour, which until now has not been used to detect cloudy, gy First, bright pixels in the full spectral range are
and ground re ectance. Ground re ectance is more suitabl§onii’'ed and collected in a dedicated binary mastggn.
than apparent re ectance (or top of atmosphere re ectanc@n,, and ice pixels, which are bright and can be mistaken
which is more commonly used, as it enables surface materigls clouds, are also detected and removed frapagn. Bright
to be characterized more easily, given that shooting ctmsit ;.o| getection does not retain pixels with low re ectance i
and atmospheric effects are corrected. _ the visible range, such as pixels containing green vegetati
Overall, CHIWAWA method is divided into two main gnq thin clouds. A dedicated process is proposed to detebt su
phases. pixels. The case of very bright pixels is also considereéeséh
Phase 1: detection of potential cloud pixels. This phagixels are directly quali ed as cloudy without going thrdug
mainly consists of detecting bright pixels while removingphase 2.
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Fig. 2. Flowchart of CHIWAWA method. For the inputs, the peesing requires a hyperspectral ground re ectance imageeispectral range [400-2500nm]
and the associated WV map. These can be estimated from a sadjance image with atmospheric correction, or can bettiireecovered as L2C products.
The use of a digital elevation model (DEM) is only necessanyprocessing mountain images.

It is important to note that pixels excluded at this stagapart and outside the gaseous absorption bands. The negsoni
cannot be detected as cloudy in phase 2. On the other handhe same for the SWIR range. The following sets of spectral
it is necessary to eliminate as many non-cloudy pixels &snds are usediynr = f450 550 650,800y for VNIR and
possible in phase 1 in order to facilitate the processindieghp | swir = f 1600 220Q 2350y for SWIR.

choosing the thresholds, a compromise must therefore be ma@pending on the type of scene. For a given seffsair and

to combine these two requirements. Tswir threshold values are estimated in a two-step process.
Regions of interest from hyperspectral images showinguari
B. Detection of bright pixels surfaces and/or clouds with different thicknesses arectele

Clouds generally appear brighter than other surfaces d annotated to obtain cloud maps (see section IV-A). In

the full spectral range [400-2500nm]. Two thresholdgr the rst step, thresholddvnir and Tswir are chosen in the
and Tewn are applied to the spectral re ectance, one in Set! = 10.02, 0.03, 0.04, 0.05, 0.06, 0.07, 0.08, 0.09, 0.10,
the VNIR (Visible and Near-InfraRed) range [400-1000nmq‘11’ 0.12, 0.13, 0.15, 0.17, 0QQall possible combinations

and one in the SWIR (Short-Wave InfraRed) range ]1008f thresholdsTunir, Tswir) drawn froml | are constructed.
2500nm], in order to remove non-cloudy pixels as much ch threshold combination is then applied to the annotated

yperspectral images. The resulting binary maps of bright

possible. min TUNR 1) pixels_ are c_ompar_ed with the cloud maps:_the threshold
2 lynir ' combination is retained for the next step only if at least 95%
min Tswir: (2) of cloud pixels are detected as bright pixels for each of the
21swir images considered. In the second step, the full CHIWAWA

Since spectral re ectance varies slowly outside gaseomsethod (phase 1 and phase 2) is applied to each combination
absorption bands (absorption effects may persist evem affelected in the rst step. The optimal combination is the one
atmospheric correction), estimating the minimum value dfiat maximizes the average Bcore over all the images used
spectral re ectance in the VNIR range requires only thesele(see section IV-C for metrics de nition). For the PRISMA
tion of a few low-noise bands, which must be suf ciently faisensor, around 440,000 cloud pixels out of a total of 4,000,0



SUBMISSION TO IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE BEING, VOL. XX, NO. XX, XXXX, 2023 4

pixels are used. Optimal threshold values &ygr = 0.07 and
Tswir = 0.07. For AVIRIS-NG sensor, around 800,000 cloud

pixels out of a total of 4,200,000 pixels are used. Optimal 1

threshold values aréyyr = 0.10 andTswr = 0.03. However, |

in urban or mountainous areas, many surfaces appear bright m
$#
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and are not removed with such threshold values, especially .,
Tvnir, Which can lead to poor detection performance with =~
many false detections. For such situations, a value of 0.15
for Tynir Signi cantly improves detection performance, even
though thin clouds are less likely to be detected. The psoces "o 1 _—

returns the binary masknyign: the value of each pixel I = -
considered as bright is 1, and 0 elsewhere. ' ' ' ' ' '

Note that lower clouds that are within the shadow of +*"$( $#

higher clouds may appear dark. Such cases are not speyi call
addressed. However, the relatively low thresholds usedodio n ! )
prevent the pixels associated with these dark clouds frangbe
considered bright and therefore potentially cloudy. | \\

C. Detection of very bright pixels

% ! &#

Some cloud pixels have very high re ectance levels in both ]
the VNIR and SWIR ranges. These pixels can be directly | o
identi ed as clouds by applying the criteria associatedhwit | s /é A
inequalities (1) and (2) but with much higher thresholds , _> ' : ' ' '
Tk and T¥R s However, inequality (2) is restricted to

2350 TRy 2350 IS Vvery useful for discriminating snow '
and ice (see sections II-D and IV-H). This processing iSg. 3. spectral re ectances of snow and ice pixels from PVRASImages,

particularly useful when CHIWAWA is unable to detect cloudsVIRIS-NG images and the USGS spectral library [34]. A logghimum due

from the WV map for example when the WV level is Ver)go absorption can be seen around 1030 nm (1025 nm for snow @Bt rim
’ or ice) and a local maximum appears around 1085 nm. A snowctance

low over the entire image. spectrum with a low NDSI index (0.33) is shown: such a spectisidif cult
A process similar to the one described in section 1I-B i@ detect with NDSI thresholding (NDSI is generally greatean 0.6 for

used to estimate the optimal values for the thresholds us&§™)
TWr = 0:40andT¥,; = 0:12for PRISMA and AVIRIS-

NG images. When studying urban areas with AVIRIS-NG, & gqr e4ch absorption, some reference wavelengths are xed

b .
value of 0.15 forTgyg is preferred. _ ~ before (1) and after () the absorption. The segmeat
In the output, the mask of de nitely cloudy pixela,, is connecting , and is computed:
1 2 "

producedi.e.these cloudy pixels are kept whatever processing
used afterwards in phase 2. s = ,+( , B 1)=( 2 1) 3)

(1#& #

The proposed criterion for deciding whether an absorption
D. Removal of snow and ice pixels exists is to compute the minimum value of the ratio=s

i o in a given spectral range 3; 4] that is included in 1; 2],
Snow and ice surfaces are bright in VNIR range and dagfq to assess if it is below a given threshogi:

in the SWIR range (see Fig. 3). However, depending on _

the SWIR thresholdTswr used to detect bright surfaces, min =s <T;" (4)
snow/ice surfaces may be included mygr. We propose s ¢

then to detect them in order to prevent some potential fal$&is criterion indicates if a local minimum or a local desea
alarms. Normalized Difference Snow Index [29] (NDSI) iof re ectance exists betweens and 4. It is then de ned
often computed to detect snow, but another method mdrg a 5-upletU = f 1; ,; 3; 4;Tf~ig. 3 and 4 must be
suited to hyperspectral imaging has been developed. Sndw #ocated towards the beginning and end of the absorption:band
ice have a signi cant absorption band around 1030 nm [30 = 1010 nm and 4 = 1045 nm are chosen from a few tests
(see Fig. 3). Detection of absorptions is based on continuand prove to be quite accurate; must be selected before
removal [31]. The spectral continuu@ is de ned as the con- absorption, and not too far away, as re ectance increases
vex envelope of the upper part of the spectral re ectance sharply as wavelength decreaseg:= 980 nm is chosen.,
connecting the local maxima with segments. The ratisgC  must lie after the absorption band; = 1085 nm is chosen, it
highlights the local absorptions of . The approach is similar corresponds to a local maximum of snow and ice re ectances.
to those implemented in Tetracorder [32] and CHRIPS [33 practice, for a given hyperspectral image, the spectatb
wavelengths associated to the segments ends are xed. closest to the ; values are selected.
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This criterion is highly discriminating, but does not stande ectances: local maximum at 1660 nm, parabolic shape
alone. Four other criteria have therefore been developedaimund 1660 nm, local maximum around 2210 nm, NDVI
ensure accurate detection of snow and ice while minimizingdex (Normalized Difference Vegetation Index) above agiv
confusion with other classes. threshold. These criteria remain almost true for re ectenc

A local maximum exists around 1085 nm: that mix green vegetation and clouds (see Fig. 4). They are
max = max i however less and less true as the cloud thickness increases
1010 1320 1060 1110 (notably local maximum around 2210 nm), but for such cases,
The re ectance level is sufciently high in the [600-the re ectance in the visible domain is singularly increse
700nm] and [1000-1100nm] ranges: _ and the inequality (1) is true: such pixels are already em-
eoominmo T;'and 1000min1100 T3 bedded inmpign:. The constraints imposed by the CHRIPS
. . criteria for detecting vegetation have been relaxed coetpar
SWIR re ectance is low. It is generally less than 0.1 for . ; .
snow, but can reach 0.2 for ice. with those recomme.ndedl in the original method, to take
si account of spectral distortion due to the presence of ctouds
4 Tg1 = 0.15, T, = 0.25, Tgz = 0.55 (NDVI thresholds),
= maxs 1770 has

max
2f 1550;1650;2080;2300;2350g
In the last criterion, some bands in the SWIR range are {he criterion Maxeso 1670

taken into account, such as those between 1660 and 1800 Rfff°™€ mam% r1]67° b 0:9 maémo d17h70 , the
or those close to 2250 nm. Ice re ectance is not low at theggte_rlon as ] ";S (Ecomel < _ and the c.:gterlon
wavelengths: it increases linearly over [1500-1750nmij an -, 1300 < 1.1 has become = 1300 < 1.3 (see

local maximum exists around 2250 nm (see Fig. 3). Crite:Ea] for more details on the criteria). These modi catiore/k

based on these characteristics could be used to discreninate obtained by gradual!y varyiqg the_ CHRIPS parame_ters
between ice and snow. Note that the re ectance of snow aRll p|xgls from AVI,RIS'NG Images including green vegeFatlon
ice is very low around 2350 nm: this property is particularl?nd thin clouds. P|xel§ ,'denrt]' ed a.;delgse green vegetatith
useful for detecting very bright cloudy pixels without feafr sparse green veggtatlare(t ose.c ecking NDVI O.'25) are
confusing them with ice (see inequalitysso gathered in the binary mask,., each pixel considered as
section 11-C) green vegetation is 1, and 0 elsewhere.

Then, in order to estimate the optimal values fof In a second step, only the green vegetation pixels that may
Ts TS’-i and T$, all criteria were applied to a set, ofcontain clouds should be kept. These pixels therefore have a
2 3 4

around ten thousand different snow/ice spectra and ele\}gwerWVvaIue than non-cloudy pixels. Two constraints must

vb
Tswir |

million non-snow/ice spectra from eight PRISMA imagege checked. ) _
and four AVIRIS-NG images varying the threshold values: "¢ WV values must be sufciently low:
Ts1 2 [0:850:98] T5' 2 [0:050:40} T§' 2 [0:050:40}, WV < o 18 o, where oand o are respectively

T3 2 [0:02;0:30] The optimal combination of thresholds
is the one that maximizes the; Fscore for snowl/ice pixel

the mean and the standard deviation of the histogram of
WV values not detected as potentially cloudy, i.e. WV

values of pixels checkingnpigne = 0. Note that dark
pixels are removed from the WV map (see processing
in section 111-B1) and are not taken into account when
calculating the histogram.
Re ectance in the VNIR range is not too low:  0:03
in visible range and gy  0:16. This makes it possible
to exclude dark vegetation, whose low re ectance is often
noisy and for which the WV estimate is unreliable.
The binary detection mask, is obtained: the value of
each pixel considered as potential cloud above vegetatidn i

) ) ) .and 0 elsewhere. Finally, the mask of potential clouds above
E. Detection of potential cloud pixels above green vegetati green vegetatiom,egyis the combination of both binary masks:

Green vegetation has a quite low re ectance for spectral,eg = m,, Dyp.
bands below 650 nm. A cloud above green vegetation may in-Note that here, the WV map is used to detect potential cloud
crease observed re ectance but not suf ciently if cloudhit pixels (phase 1), but it is also used in phase 2 to possibly
(see Fig. 4). Detection of bright pixels described in sectleB  remove them: the processing used differs. In the exampla of a
may fail for such pixels, in particular due to the inequa(ity. image covered mainly with vegetation but without cloudss it
A dedicated green vegetation processing is applied to solieely that there are vegetation pixels that would be ideati
this problem. It mainly consists of detecting green vegetat by this method as potential cloud pixels (those with the ktwe
pixels and retaining only those with a suf ciently low WV WV values). It is during phase 2 that it will be decided whethe
value. these pixels are de nitely cloudy or not.

As a rst step, pixels of green vegetation (sparse and
dense) are searched for in the whole image by compt- Mask of potential cloud pixels
ing dedicated CHRIPS criteria [33]. These criteria evalu- The mask of potential cloud pixelsng is the com-
ate geometric properties associated with vegetation igpecbination of two masks:img = Mpigher + Myeg, Where

detection on the dataset used. Before applying criteriaisGa
sian ltering is applied to each re ectance spectrum to reglu
noise. This does not attenuate the absorption depth, which i
relatively large for snow and ice. Optimal threshold valaes
fT5, TS, T$, TSig =10.94, 0.20, 0.10, 0.21L The R score
is 98.4% for the data used (precision is 99.5% and recall is
97.4%).

The process returns a binary mask,ow-iceWhere the value
of each pixel detected as snowl/ice is 1, and O elsewhere.
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Vegetation re ectance spectra Histogram of WV values (gflcm

Mypright Mpright ¥ Myeg

Fig. 4. Spectral re ectances of four pixels including grasgetation and more or less dense clouds (no cloud for ggeestram) in an AVIRIS-NG image.
The presence of clouds does not distort the spectral vam@tioo much: the spectral properties of green vegetatioh as the presence of red-edge around
700 nm, local maximum around 1660 nm (see CHRIPS criterid) @3pear whatever the cloud thickness. However, the poeseha cloud tends to increase
the average re ectance level everywhere (except perhapmer800-1200 nm). In the case of a thin cloud (orange pixed,increase in re ectance in the
visible range due to the cloud is insuf cient for the minimwaectance in the VNIR to exceedynir (see inequality (1)). Histograms of WV values are
shown for all pixels (blue) and for pixels checkimgyyight = O (dotted red). Estimated threshold 1:8 is also represented (dotted black): pixels detected
as green vegetation and with a WV value below this threshmddcansidered as potential cloud pixels. The usengéy makes it possible to better identify
all potential cloud pixels, even in thin areas (SBright + Mveg).

Mprightt = Moright (1 Msnow-icd IS the mask of bright pixels map, application of two cloud detection method$ &hd M°
for which snow and ice pixels have been removed, ang, and spatial extension of clouds.
is the mask of potential cloud pixels above green vegetation First, three pre-processings of the WV map are presented:
In order to avoid pixels withmg values of 2,mq can be re- identi cation and removal of dark pixels, reduction of depe
written asmo = Mprighr + Myeg  (Im Moright), Where  dency between WV map and altitude, which is useful when
1u is a mask full of 1. In the following, we will consider thataltitude varies greatly in a single image, and computatibn o
a pixel belongs tamy if its value inmg is 1. the WV map histogram. Two cloud detection methods, M
and M°, are then proposed. The 'Mmethod is based on
thresholding the WV map: cloudy pixels have WV values
_ below a given value, which is assessed by analyzing the
A. Overview histogram of the WV map. Unfortunately, the automatical
The goal is to re ne the mask of potential cloud pixels usingearch for thresholds is a very hard task as histogram of
the WV map. Several stages follow: pre-processing of the WWV values may change a lot depending on the distribution

IIl. REFINEMENT OF THE MASK OF POTENTIAL CLOUD
PIXELS USING THEWYV MAP (PHASE?2)
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of clouds. Using this method, a number of clouds may kbe visualization of WV maps in this article, dark pixels are

missed, especially when clouds of very different thickeessdetected and the average value of the WV map (excluding dark

or altitudes are present on the same scen€. vethod is pixels) is assigned to them (see Fig. 5).

less sensitive to this kind of problem: it exploits the WV

contrast between the cloudy pixels and their environmetme. T

two methods offer redundant but also complementary resultsp) Reduction of dependency between WV map and altitude

so their results are merged after the post-processings (see

section IlI-E). WV value highly depends on altitude: it decreases as alti-
Afterwards, a processing allowing to identify cloud pixel$§ude increases. In areas with relief, WV variations aredfuee

that could have been missed by"Mand M° methods is strongly impacted by altitude. The highest altitude areasd

proposed: it makes it possible to spatially extend the cdoufieé mistakenly considered as clouds. Then, to improve cloud

already detected. At the end, a processing is applied detection performance in such areas, we propose to reduce

eliminate false clouds. altitude dependency of WV values. First, this dependency is

modelled with a regression line:

B. Pre-processing of WV map w=az+ b; (6)

1) Removal of dark pixels wherew is the WV valuez is altitude,a andb are coef cients

at are estimated with least squares. Next, a correctect val

WV map is pre-processed in order to remove pixels th i .
pIS pre-p b w, denotedw®, is obtained by:

may cause false cloud detection. As signal-to-noise ratio 4

low around 940 nm and 1140 nm for dark surfaces such as e W

water or shadows, WV may be underestimated and may lead W= 27+ pho ()

to local minima on WV map. Such surfaces are obviously noth is th WV val f oixel t belonging t
clouds, they are detected with the following criterion: wheréwo IS the mean value of pixels not belonging to

mo. Wo allowsw* to be homogeneous w.
max Tdark (5) A digital elevation model (DEM) is used to give an esti-
900 mated value of ground altitude of each pixel. DEM is resam-
where Tgark is a threshold. From a few tests performed bpled to be superposable to the WV map. In this study, DEM
applying the full CHIWAWA method to a few PRISMA andwere downloaded from Earth Explorer (https://earthexgrior
AVIRIS-NG images, it appeared that choosind & value usgs.gov/).
between 0.06 and 0.08 is a good compromise. A value belowfor the regression, all pixels in the image are used except
0.06 may miss dark pixels. With a value higher than 0.0&ose with unreliable WV values (-1 and -2) and those that
cloud pixels with low re ectance may be missed, such as thinay be potentially cloudyi.e. pixels verifying myigne = 1,
clouds over water. In the followinglgark = 0.07 is used. as their WV values may not be correlated with the ground
Once detected, the dark pixels are located on the WV magbevation provided by the DEM (when these are truly cloud
Their WV value is set to -1. These pixels will later be usegixels). After regression, a new WV map is then computed by
in a special way, for example to detect clouds over wateeplacing eactw value by its corresponding® value. Pixels
Moreover, pixels that may have a non-valid WV estimatiowith WV values of -1 and -2 in the original WV map are
(WV values too close to 0 or missing values) are identi edieported in the corrected WV map.
WYV value of these pixels is set to -2. These pixels will not be In practice, this processing will only be used on mountain
taken into account in the following processings. To improvenages. It will be illustrated in section IV-G.

RGB initial WV map WV map corrected for visualization

Fig. 5. AVIRIS-NG image including land, water and clouds.eTWV estimate is erroneous above dark surfaces such as witidl¢ image). To improve
visualization, dark pixels are detected and the mean WVevaluimage (excluding dark pixels) is assigned to them (rigidage): clouds become easier to
observe.
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Fig. 6. Histograms of WV map (g/ctfor the abscissa, arbitrary units on the ordinate) for diffeé AVIRIS-NG and PRISMA images containing clouds
with different cloud covers (CC). For each image, the RGB position, the WV map, the histogram of the WV map (blue), tigtdgram of the WV map
for cloud pixels only (dotted red) and the threshold estedatith theM t method (dotted green) are shown. The histograms have highlgble shapes,
and the WV values associated with clouds are also very Mgridibtributed. This explains why automatic threshold restion M method) is a relatively
complicated task.

3) Computation of histograril ywy part of Hwy located between two successive local minima,
] ) ~and by construction contains a local maximumHbfy . Two

Histogram of WV map, denotediwy, is computed with g,ccessive modes do not overlap. Thereafter, we will assign
Np bins of equal sizeNp = 41), gathered in a vector® 5 number to each mode according to its position in the
(histogram abscissajlwy is normalized by its maximal value, nistogram: the rst mode is the leftmost mode (with the lotves
l.e. maxHwy = 1. Let us notek; the number of the rst bin \yy yalues), the second mode is the mode following the rst
andk. the number of the nal bin. At this stefki = 1 and e, etc. For illustration, histograms with different rhen
ke = Np. of modes are shown in Fig. 6. The number of modes depends

The WV range of histogram may be contaminated by vegy, cioud distribution and image context. Several cases ean b
low or very high values that are not representative of thﬂstinguished:

image. High WV values cannot be associated to clouds and
then can be suppressed without being afraid of decreasing
cloud detection. In practiceke is the bin at whichHy
exceeds 0.05 for the rst time (starting from the end of the
histogram). The same process is led for low WV values but the
threshold is lower as most low WV values can be associated
with clouds.k; is the bin at whichH\ exceeds 0.01 for the
rst time (starting from the beginning of the histogram).
Finally, only the part of the histogram between bigsand

ke is kept. For the retained part of histogram, minimal and
maximal values of vecton® are therw[k;] andwP[k], and

will be respectively notea®.. andw®,, in the following. The

only one mode: it may happen when there is little or no
cloud cover (see Figs. 6a and 6c¢), or when the WV values
corresponding to cloud pixels are very spread out and
form a long left-hand tail on the histogram (see Figs. 6b
and 6d).

two modes: cloud pixels are generally located in the
rst mode, i.e. corresponding to the lowest WV value.
Meanwhile, if the proportion of cloud is large, it may
happen that cloud pixels are included in the beginning of
the second mode (see Figs. 6e, 6f, 6Q).

three modes or more. This can happen when the propor-

rangeRwy of @ WV mapmiins then de ned as the difference tioq of clouds is high or whep thgir thickness or altitude
betweern®. andwl.- R - Wb Wb varies greatly (see Figs. 6h, 6i). First mode corresponds to
min max WV max min* clouds. Last mode does not correspond to clouds. Other
modes are generally associated to clouds.
C. M" method: WV histogram thresholding The M" method consists in thresholding the histogram: a

Histogram Hyy, is composed of one mode or more. Impixel is cloudy if it belongs tang and if its WV value is below
this study, a mode is dened in a particular way: it is a given thresholdwy . Such process needs to be carried out
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with caution. If Twy is too low, some clouds may not be Case 1:N; N; . This is the most common case: the

detected. IfTywy is too high, false detections may rise. An number of pixels remaining in square window is suf cient

empirical approach was opted. Based on tests on different to make a decision. If the WV contrast wy is higher

images, three main cases are considered, allowing an ealpiri ~ thanT,,, p is cloudy, otherwise it is not.

estimate ofTyy . Case 2N; <N;,Ng >N, andNg=(Ng + N;) > Fg4.
Case 1: this case occurs especially when many clouds are 1h€ number of "normal” pixels in the square window

present: the histogram has at least two modes and the rst 1S not sufcient to compute a reliable WV constrast.
mode on the left is signi cant (Figs. 6e, 6f, 6g, 6h, 6i). This is mainly due to the high presence of dark pixels

If the rst mode with a signi cant amplitude on the left such as water or shadows. It generally happens over the
is suf ciently close to the left edge of the histogram, i.e. ~ S€&. According to our experiments, if an area checks
the abscissa positigqimax Of the mode maximum checks: the criteria of a potential cloud and it is surrounded
Pmax WP, +0:4Ryy , then the thresholdhyy is set at by water or sh.adows., it is very likely to be a cloud.
the end of the modé,e. it is positioned at the rst local Then, decision is that is cloudy. For the user's eventual
minimum of the histogram to the right of the mode. needs, a dedicated mask could be created for these pixels

Case 2: this case is considered if case 1 has not been 0 indicate why they were detected as cloudy. Wrong
ful lled. It deals with a histogram with a long tail on the ~ detection may happen with specic cases though, such
left (histogram in general monomodal), this tail being &S an emerging carbonate sand bank, but are quite rare.
associated with the presence of clouds. (Figs. 6a, 6b, 6¢) Such cases could be solved with dedicated processes such
This case is validated when the mode furthest to the right @S detection of carbonates. o

of the histogram contains at least 70% of the pixels in Case 3: if neither case 1 nor case 2 are validapet,

the image. Lepmax be the WV value associated with the ~ NOt cloudy.

maximum of this mode. The thresholdyy is then the  If a cloud is wide enough so its minimal spatial size is
WV value v to the left of pmax that checksHwy (V) = abovel, pixels that are close to the center of the cloud have
0:15H wv(Pmax) - neighbours that are still inside the cloud. Such pixels il
Case 3: if the two previous cases are not ful lled, theonsidered as not cloudy by applying de ned criteria (we are
thresholdTwy is set in order to retain only the 15% ofin case 3). The processing described in section IlI-F aims to
the lowest values of the WV map. solve this problem.

The output of the process is the binary mask. When From tests, the following threshold values are used:
clouds of different altitudes and thicknesses are presgma (N; = 50, Ny = 100 andFq = 0.8. L depends on spatial
Figs. 6h and 6i), threshold estimation is generally underegesolution: the selected value is 41 for PRISMA images and

mated. The contrast-basec®Mhethod is a best way to handlel01 for AVIRIS-NG images. The choice ofy is crucial
such scenes. because it is mainly this parameter that will determine the

detection performance. It was chosen to use a fraction of the
WV range Ryy (see. section 1lI-B.3)T, = 0.1 Ryy . A
D. M® method: WV contrast analysis value of 0.1 allows the best tradeoff between false negative

In this approach, a pixel is considered as cloudy if it beton detections and false positive detections.
PP ap y d If the value of Ty, is very low, typically lower than 0.1,

to mg and if its WV value is signi cantly below the mean WV ) )
the contrast measurement is unreliable and many false glarm

value of its environment. T ve thi bl ther threshold i
Let us consider a pixgd belonging to the mask of potentialm"j‘y occu.r. (_) solve 1nis proolem, anhother thres O is
cloud pixels (€. Mo = 1) with a WV valuewo. In the WV computedT,, =0.06Vy,, whereVy, is the average value of the

o0 0 WV map. In the end, the threshold used’is = max(Tw; Tm).

map, all pixels in a square window of length centered ] i _ _
on p are retained. Among these, pixels with wrong Wy 1€ binary mask of detected cloud pixels risf. Fig. 7

estimation are removedg pixels for which WV value is -2 illustrates the WV contrast process for cases 1 and 2.
(see section 11I-B). Pixels belonging t, are also removed

becau_se WV contrast needs to be computed between |p|xeé Fusion of cloud detection masks

and pixels that are not cloudy for sure.

Among remaining pixels, let us consid®r the set of pixels ~ The independent application of Mand M methods pro-
for which WV value is positive (i.e "normal” pixels), anBy duces two detection masks] and m$. In practice, the
the set of pixels for which WV value is -i,e. dark pixels. M® method performs much better than thé Mhethod, and
Numbers of elements of these sets are respectively nétedcan identify all the clouds present on its own. There are,
andNg4. The median WV value of the s& is notedw;. The however, cases where it performs less well, notably when
WYV contrast is then de ned as the differenag  wp. In the clouds contrast poorly with their surroundings in the WV
following, four thresholds will be used: a minimal number ofnap (see ¥ image in Figs. 13 and 15). In order to benet
"normal” pixelsN; , a thresholdr,, on minimal WV constrast, from the complementarities of both methods, a more com-
a minimal number of dark pixelsl, and a minimal ratid=q plete detection maskn; is computed by combining both
characterizing the proportion of dark pixels. Three cases cdetection masksm; = m] + m§, that can be-rewritten as
occur. m; = m] + m§(1 mI) so that no value exceeds 1.
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RGB retained pixels

Fig. 7. Steps in the M method for a given pixep in a cloud over land (top, common case) and in a cloud overnwhtitom) for a PRISMA image. Pixels
from mo (orange pixels) and dark pixels (cyan pixels) are removethfthe window on WV map. WV value of the studied pixe(green) is compared with
the remaining pixels in the window. To improve visualization the WV map, the average WV map value has been assignedksutfaces (shadows and
water).

F. Spatial extension of clouds pixels of R that do not belong to a cloud is computed. These
Some cloudy pixels may have not been detected wifigighboring pixels are obtained by the difference between t

MT and M methods. These are generally pixels located morphological dilgtions_ oR. Let us cor_15ider a binary mask
cloud boundaries or within extended clouds. The followinlyfr in which .aII pixels inR are 1 and pixels are 0 elsewhere,
processing is designed to solve this problem. The set otigloy@nd Notef (R;r) a spatial dilation ofMg with a square of
pixels candidatesS is de ned as follows: a pixelp is a width r. Then all neighboring pixels dR are pixels for which

candidate if it belongs tano, does not belong tan;, and Values off (Rirz) -f(Riry) are 1 (; > r,). If the difference

has a coherent WV value (not -1 or -2). Wz Wy s above a given threshol8. , the regionR is
Each pixel ofS is successively scanned. Let us consider'@/idated as a cloudsic is computed from the range of WV

pixel p from S with a WV valuew. p is considered as cloudy if YAUeSRwy © Sre = 0:1Rwy , which is the same value as

it has at least one neighbouring pixglthat belongs tan; and 1w (S€€ M method).

has a WV valuew; close enough tav, i.e. jw  w;j T,

where the threshold'se is de ned from the range of WV \ye do not use; = 0 because pixels too close to a cloud are

valuesRwy (see. section I1l-B.3)Tse = 0:05Rwv . M1 IS jikely to be undetected cloudy pixels whose WV value is close

updated each time a new pixglis validated as cloudy. The tg the WV value inside the cloud. From tests, the following

process is recursively launched urml the number of newlixg, 5 es provide satisfactory resultsi = 15, r, = 25 for

in m; does not change from previous launch. PRISMA and AVIRIS-NG images. The full post-processing

Some "holes” may still appear inside some extended clougsijjystrated in Fig. 8. Its output binary mask iss.
after this processing. The pixels inside these holes ard mos

likely cloudy as long as these pixels belong . These
pixels are considered cloudy. False alarms may occur but ard he second post-processing removes small or narrow re-

very rare in practice. The output binary mask of this fulions detected as clouds. It is particularly useful to elate
process is noted,. small urban structures or roads that could be mistakenly

identied as clouds. As clouds may have some minimal
spatial extension, a post-process can be applied to remove
detected clouds with too few pixels. The clouds are detected
Two post-processings are applied in order to remove falbg labelling the maskn, into separate regions. The number
detected clouds from detection masi. of pixels in each region can be then thresholded in order
The rst post-processing runs through each cloud artd remove too small "clouds”. Another method consists in
compares its average WV level with that of its environmenapplying an erosion of a given radius to each regiorR. If
It is similar to M° method. The main difference is that itno pixels from theR region remain after erosion, the cloudy
is region-based whereasMs pixel-based. The binary maskpixels associated wittR are deleted. Otherwise, they are
m, is labelled into separate regions: each cluster of pixelstained. This approach also makes it easy to remove loing, th
forming a cloud are thus associated with a single region. Fstructures, such as roads, which might otherwise have been
each regiorR, the median WV valuev; is computed inside detected as clouds. The cloudy pixel output mask is denoted
the cloud, the median WV value, among the neighboring mgjoug.

G. Post-processing: removal of false clouds
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RGB image m; cloud regions selected region selected region
on RGB image on WV map

Fig. 8. Detection of false clouds. Cloud detection mask is labelled into separate regions. For each region, a crdwixels is located in the WV map:
median values are compared between pixels inside cloudrremid pixels inside the crown that do not belongrte.

RGB WV map mt mt + mZ
97575 pixels 126171 pixels

Fig. 9. Application of the CHIWAWA method once and twice toemion of interest in a PRISMA image containing clouds withiaas thicknesses. Thicker
clouds are detected in the rst run, and thinner clouds ingeeond.

H. Relaunch of cloudy pixels validation directly from the corresponding websites (L2C or L2D prod-

In the case of images containing clouds of very differeCts)- For each AVIRIS-NG image, regions of interest (ROIs)
thicknesses or altitudes, the WV values of cloud pixels can §/€re selected and processed separately to facilitate nyemor
very variable. This has the effect that clouds with the h@hemanagement (some mages exceed 19 GB in S'Ze),' Main
WV values may not be detected by the methodology describeigracterics of these images are shown in Table I. All images

above. This happens especially on the peripheral areaseof §€ located on a world map in Fig. 10.
clouds, which are often less dense than the interior ardas. T To build ground truth, each image was manually annoted by

kind of problem can be solved by applying the cloud pixéhe author as accurately as possible using RGB images, SWIR

detection twice. spectral bands (including the cirrus band around 1380 nmh) an

For the rst launch, the full processing chain described vV maps. However, unce_rtalntles may remain, par‘ucularl_y
Fig. 2 is applied normally. The cloud detection masg is concerning cloud boundaries and the location of very thin
obtained (notedm¢eug in section 1lII-G and in Fig. 2). For ClOUdS'_ . . .
the second launch, the WV map is modi ed: values of the Only imagesPa3, P15 and some regions of interest iA
detected cloud pixels im} are set to -2 so that these pixel§"® mountainous. These images are spect cally processe(_j n
are not used anymore. The processing chain is then appl?&ﬁ:t!ons IV-G and IV-H. All other images are analyzed in
with this new WV map and produces the detection magk sections IV-E and IV-F.

The nal detection maskmg is the fusion ofm: andmZ: TABLE |
mg = mt + m2. The interest of this Processing iS MaiN CHARACTERICS OF HYPERSPECTRAL IMAGES USETSENSOR USED
illustred in Fig. 9. Relaunching CHIWAWA can increase the FORACQUISITION, NUMBER N; OF IMAGES, NUMBER N OF SPECTRAL

: : : : BANDS, MEAN VALUE OF FULL WIDTH AT HALF MAXIMUM (FHWM) IN
false detection rate, particularly in urban areas, and iesna FULL SPECTRAL RANGE AND SPATIAL RESOLUTION

optional.
Sensor N; Ns FWHM | Spatial resolution
PRISMA 18 [ 239 | 10 nm 30 m

IV. EXPERIMENTAL TESTS PERFORMANCE AND ANALYSIS AVIRIS-NG 9 | 425 5nm 34-84m

A. Hyperspectral datasets

CHIWAWA is assessed on eighteen PRISMA images (see )
Table 1I) and nine AVIRIS-NG images (see Table [1)B. Cloud detection methods assessed
PRISMA [27] and AVIRIS-NG [28] data,.e. ground re-  The performance of the CHIWAWA method is compared
ectance images and associated WV maps, were retrieveith three other methods: Fmask, CDAG and COTLUT
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Fig. 10. Location of PRISMA images {PPig) and AVIRIS-NG images (A-Ag).

TABLE Il

12

IDENTIFICATION (ID.) AND REFERENCES OFPRISMAIMAGES USED IN THIS PAPERALL IMAGES HAVE 1000ROWS AND 1000COLUMNS. Pi3, P14 AND

P15 ARE MOUNTAINOUS AND/OR CONTAIN SNOWICE. Pig, P17 AND P1g DO NOT CONTAIN ANY CLOUD BUT ARE USEFUL TO ASSESS ALGORITHM

PERFORMANCE IN TERMS OF FALSE DETECTIONS

Reference

PRS L2C_STD_202007101047330200710104738|
PRS L2C_STD_2020083110435120200831104356|
PRS L2C_STD 202007101045320200710104536|
PRS L2C_STD_202209111653230220911165328|
PRS L2C_STD_202010022122220201002212227|
PRS L2C_STD 202001270215320200127021536|
PRS L2C_STD_2019080517572120190805175725|
PRS L2C_STD 201910041348580191004134902
PRS L2C_STD 2019100311453(®0191003114535
PRS L2C_STD_2022091309300620220913093010|
PRS L2C_STD_2020082502490120200825024905|
PRS L2C_STD_2022091400103%0220914001039|

PRS L2C_STD_2020041318382420200413183829
PRS L2C_STD_2023021107415%20230211074159|
PRS L2C_STD 202106171040050210617104009

Id. Site

Py France (Toulouse)
P> France (Marseille)
Ps Belgium

Ps USA (Louisiane)
Ps USA (Hawaii)

Ps Australie (NW)

P, Mexico

Ps Brasil

Po Western Sahara
Pio Gabon

P11 | Indonesia (Bali)
P12 | Australia

P13 | USA (Cuprite)

P14 Kazakhstan

Pis | Switzerland

Pis | France (Fos-sur-Mer
P17 France (Bordeaux)
Pig Turkey

PRS L2C_STD_2020040810443120200408104435|
PRS L2C_STD_2021040411040720210404110412,
PRS L2C_STD_2020051309113%0200513091139|

TABLE Il

SPECIFIC CHARACTERISTICS OFAVIRIS-NG IMAGES USED IN THIS PAPER IDENTIFICATION (ID.), SITE, IMAGE FILENAME, SPATIAL RESOLUTION, SIZE
(NUMBER OF ROWS NUMBER OF COLUMNS), NUMBER OF SELECTED REGIONS OF INTERESN roj. EACH CHOSENROI HAS AROUND 1000ROWS AND

THE SAME NUMBER OF COLUMNS AS THE COMPLETE IMAGESOME ROIS IN Ag ARE MOUNTAINOUS AND ARE PROCESSED USING ALTITUDE

CORRECTION

Id. | Site Reference spatial res. size NRrol
A1 | USA (Texas site 1)| ang20191004t221515 8.3 m 2692 658 3
Az USA (Texas site 2)| ang20191004t201341 83 m 8431 702 9
A3 | USA (Texas site 3)| ang20191003t175539 8.4 m 6241 674 6
Az | USA (Alaska) ang20170720t225802 5.2 m 12149 695 7
As India (South-East) | ang20180318t062047 40 m 5052 686 6
As | France (East) ang20180626t122850 4.6 m 4168 656 4
A7 | Switzerland (site 1) ang20180630t111646 4.1 m 10208 738 8
Ag | Switzerland (site 2)| ang20180627t123936 4.0 m 11112 717 9
Ao | Switzerland (site 3)| ang20180701t092524 3.4 m 11815 702 10
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(PRISMA only). the difference between estimated cloud covef¥4hd ground

Like the CHIWAWA method, Fmask [17], [18] rst usestruth cloud cover CE" CC =jcC* CC*j. As CC®f
rules based on cloud physical properties to separate patentould be computed as 100 (TP + FN) / (TP + FP + TN +
cloud pixels and clear-sky pixels. A cloud mask is theRN) and CC® could be computed as 100 (TP + FP) / (TP
obtained by combining the potential cloud pixels with a dou+ FP + TN + FN), we obtain: CC =jFP FNj/ (TP + FP
probability layer computed from a brightness probabildy, + TN + FN).

variability probability, a Haze Optimized Transformatif85] It's important to note that performance metrics such as P,
and a cirrus test. The Fmask version dedicated to SentindR2and F for images with low cloud cover are more dif cult
data [18] is used in this paper. to analyze. Indeed, cloud boundaries are dif cult to deditee

The CDAG method [19] performs thresholding on spectralarticularly when creating ground truths, and this can heave
bands, band differences and band ratios to build a cloamni cant impact on the performance displayed. OA is not
mask. The thresholds used were estimated from the analysisedevant either, as it is generally very close to 100%. Only
various AVIRIS images. Thresholds adapted to Landsat-OLICC is taken into account when evaluating performance on
and VIIRS sensors were used in this study. Of the two clouhages containing no clouds.
masks obtained for each image, only the one with the highest
F, score was selected for performance display. D. Values of CHIWAWA parameters for PRISMA and AVIRIS-

Unlike CHIWAWA, which uses ground re ectance, FmasiNG images
and CDAG use apparent re ectance. This compensates foParameter values are different for PRISMA and AVIRIS-
solar illumination, but does not correct for atmospherfieets. NG images (see Table 1V). This is due in particular to the
As the thresholds for these methods have been construated different spatial resolutions. Only one set of parameters i
validated on multispectral images, we proceeded as followssed for PRISMA images (CHIP). For AVIRIS-NG images,
For each hyperspectral image, the spectral bands of the fia-which spatial resolution is in the range 3.4-8.4 m, twisse
diance image were used to synthesize multispectral imagae de ned. The threshold valudsnr and Tswir have been
(Landsat-OLI, VIIRS, Sentinel2). The apparent re ectancestimated with the process described in section IFByr
was then calculated for each of the images obtained. has a signi cant impact on detection performance.A value of

Finally, for PRISMA images, a cloud optical thicknes®.10 will detect most clouds, but can lead to a large number
(COT) map is provided as a L2C product. This map ief false alarms, particularly in urban areas. Roads and some
estimated from a Look-up Table covering a large number bfiildings may have a signi cantly lower WV value than the
possible scenarios [36]. By identifying the pixels in thisgn environment and may be mistakenly detected as clouds by
whose optical cloud thickness is not zero, we can build M® method (see Fig. 16). Using a value of 0.15 somewhat
cloud mask that will be used for performance evaluationsThieduces cloud detection (especially thin clouds) but great

method will hereafter be referred to as COTLUT. improves accuracy. The same reasoning applies $x-
The relaunch option (see section llI-H) may increase false
C. Evaluation metrics detections for the same structures. In the end, two CHIWAWA

. - v?rsions are used: CHIU is dedicated to urban areas, CHIC

For each image, overall accuracy OA, precision P, recal .

R and k score are computed to assess performance an edicated to other types of landscapes. Thparameter,
P P used to remove long, thin structures such as roads, is not

expressed as a percentage:

essential whenTyyr = 0.15. This parameter is therefore
— OA=100 (TP +TN)/(TP +FP + TN + FN), used for CHIC but not for CHIU. For PRISMA images (30
— P=100 TP /(TP +FP), m spatial resolution), the problems that can arise in urban
- R =100 IP / (TlP + FN), environments with AVIRIS-NG images do not arise, hence
- FR=25P "+R ). the unique parameterization proposed.

TP (True Positive) is the number of cloudy pixels detected as

cloudy, TN (True Negative) is the number of non-cloudy psxel TABLE IV

detected as non-cloudy, FP (False Positive) is the number GRRAMETER VALUES FOR APPLYINGCHIWAWA T0 PRISMAIMAGES
(CHIP),NON-URBAN AVIRIS-NG IMAGES (CHIC) AND URBAN

non-cloudy pixels detected as cloudy, FN (False Negatwe) i AVIRIS-NG IMAGES (CHIU).

the number of cloudy pixels detected as non-cloudy. Pi@tisi

and recall are often called user accuracy and producer accu- Parameter (section] CHIP | CHIC | CHIU

racy respectively. Fscore re ects the compromise between I‘S’C‘V'IF; E:::g; 8'8; 8'3(; 8'(132

precision and recall. The color code shown in Fig. 11 is used T - (1-0) 040 | 040 | 040

to display detection masks. TR s (I-C) 012 | 012 | 015
L (II-D) 41 101 | 101
r1 (IM-G) 15 15 15
r2 (IM-G) 25 25 25

Fig. 11. Colors used on the cloud detection masks. rs (l-G) 0 5 0

relaunch (ll1-H) yes yes no

Cloud Cover CC is de ned as the ratio between the number
of pixels detected as cloudy and the total number of pixels inTo apply the CHIWAWA method to images acquired with
the image, expressed in percentage. The met@€ evaluates other sensors, it is necessary to modify the parameterseThe
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TABLE V
DETECTION PERFORMANCE ONPRISMAIMAGES P;—P12. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD IMAGES P13, P14 AND P15 ARE PROCESSED
IN SECTIONSIV-G AND IV-H (NO PERFORMANCE HERE.

14

Images Py P2 P3 P Ps Ps P7 Ps Pg P1o P11 P12
CC (%) 2.2 2.0 60.0 12.1 0.1 21.1 13.4 38.2 8.2 59.4 1.5 34.6
Necioud 22k 20k 600k 121k 1.2k 211k 134k 382k 82k 594k 15k  34pk
Fmask 58.8 98.2 68.0 948 99.7 836 37.6 72.7 94.0 59.7 993 9238
< CDAG 98.4 98.7 87.8 96.8 99.9 91.6 97.0 84.7 95.9 93.4 99.1 86.4
o COTLUT 976 98.1 76.8 91.6 999 791 88.7 747 922 618 987 84.3
CHIWAWA 99.2 996 96.9 98.8 100 99.7 98.8 97.8 979 982 99.7 99.8
S Fmask 5.3 522 65.3 702 290 56.4 17.6 584 60.7 596 70.3 83.1
@ CDAG 739 795 948 97.3 555 98.9 99.0 994 741 985 950 999
§ COTLUT 104 845 096.0 94.6 27.7 99.9 100 994 649 97.0 99.6 99.9
o | CHIWAWA 97.1 86.3 95.6 93.0 97.3 98.9 93.3 975 97.2 98.0 96.6 99.9
_ Fmask 98.8 955 99.8 98.9 95.0 98.6 99.8 98.9 76.3 100 95.7 99.5
§ CDAG 51.0 454 84.3 75.6 37.0 60.9 78.1 60.477.1 90.3 42.9 59.7
& COTLUT 0.5 6.0 64.1 32.1 6.5 1.0 15.4 34.3 9.7 36.9 10.2 54.6
CHIWAWA 71.7 96.9 99.5 98.1 915 995 978 96.9 76.1 99.0 84.4 99.4
[ Fmask 10.1 67. 78.9 82.1 44.4 1.7 30.0 73.5 67.6 4.7 81.0 90.6
8 CDAG 60.3 57. 89.3 85.1 43.8 75.4 87.3 75.1 75.5 94.2 59.1 4.8
U_)' COTLUT 0.9 11. 76.8 47.9 10.6 2.0 26.8 51.0 16.9 535 18.4 7p.6
WL | CHIWAWA 825 91.3 97.5 95.4 94.4 99.2 95.7 97.2 85.4 98.5 90.1 99.7
Fmask 41.2 1.6 31.8 5.0 0.3 15.8 62.3 26.5 2.1 40.3 0.5 6.8
8 CDAG 0.7 0.8 6.7 2.7 0 8.1 2.8 15.0 0.3 5.0 0.8 13.64
COTLUT 2.2 1.8 19.9 8.0 0.1 20.9 11.3 25.1 6.9 36.8 1.3 15.7
CHIWAWA 0.7 0.2 2.4 0.7 0 0.1 0.6 0.2 1.8 0.6 0.2 0.

are highly dependent on spatial resolution. Thus, for images built, the comparison between ground truth and detection
with decametric resolution, the PRISMA parameterizatian ¢ mask is tricky for small clouds, and this has an impact on
be used initially, then ne tuned with a dedicated sendiivi the computation of performance. However, performance is
study. Similarly, for metric resolution images, the parsgne satisfactory for these imagesi(Fanges in 83-91%). If all
zation used for AVIRIS-NG can be used rst and then tunedmages are combined to form a single image (approximately
2.35 millions cloud pixels), Fscore is 98%. For illustration,
. ) cloud masks for PRISMA images PPy, are shown in Fig. 13.
E. Detection performance on PRISMA images In terms of cloud cover assessment, the values estimated by
Performance of Fmask, CDAG, COTLUT and CHIWAWACHIWAWA are very consistent with the ground truthCC =
methods over PRISMA images are shown in Table V. In tt®@6% 0.7%. CHIWAWA remains accurate for images that
following, m is the mean value of metric m over all PRISMAdo not contain clouds: the number of false positive pixels is
images. Overall accuracy is very high for CHIWAWA for allless than 200 for images#, P17 and Rg, corresponding to
images QA = 99%) and quite signi cantly exceeds CDAGa very accurate estimate of cloud coverGC  0.02%).
(OA = 94%), COTLUT QA = 87%) and Fmask @A = Fig. 15 shows specic cases where CHIWAWA fails to
80%). OA is a global metric that erases detection performandetect clouds. In images;Pand R, some clouds are not
when cloud cover is low (TN then has a dominant impactetected because their WV values are not low enough and
on this metric). The P, R and;Fmetrics, more focused onare not contrasted with their environment.
clouds, vary greatly from one method to another. Fmask is not
very accurate but misses few cloudy pixef=62%,R=96%, F. Detection performance on AVIRIS-NG images
F1=64%). In contrast, CDAG is quite accurate but misses The performance obtained with AVIRIS-NG and PRISMA
many cloudy pixels P=89%, R=64%, F1=73%). COTLUT images cannot simply be compared from one sensor to the
is relatively accurate but misses most cloudy pix&s&1%, other. Indeed, for AVIRIS-NG images, only images with low
R=23%,F;=32%). CHIWAWA detects most cloud pixels withor moderate cloud cover were selected: one reached 27% and
great accuracy,R=96%, R=94%, F1=95%) clearly outper- the others ranged from 0.4% to 14.5%, while PRISMAS cloud
forming other methods, especially for detecting thin c®uctover varied from 0% to 60%.
(see Fig. 12). As cloud cover is generally low, the average overall ac-
Let's look at CHIWAWA in more detail. The greater thecuracy OA is quite high for all methods: 96% for Fmask,
cloud cover, the better the performance. High cloud cover %% for CDAG, 98% for CHIC and 98% for CHIU. When
often associated with extensive and dense clouds, which @reomes to clouds more precisely, Fmadk $£63%) and
easier to detect. jFscore ranges in 94-100% for PRISMACDAG (F1=47%) do not combine high precision and high
images with a cloud cover higher than 10%. For the imagescall. CHIC F,=87%) and CHIU F;=88%) offer a good
studied, low cloud cover implies the presence of clouds ocbmpromise between precision and recall on all the images.
limited extent (see Pin Fig. 15). R, P, and R; contain many When a distinction is made between urban and non-urban
small clouds of only a few pixels each. Cloud edges beirageas, It score is even higher for CHIGF{=91%) and CHIU
dif cult to locate in practice, especially when the groumdth  (F1=91%).
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TABLE VI
DETECTION PERFORMANCE OFFMASK, CDAG, CHICAND CHIU METHODS ONAVIRIS-NG IMAGES A1—Ag. IMAGES CONTAINING MAINLY URBAN
AREAS ARE MARKED WITH (U). THE BEST RESULTS ARE HIGHLIGHTED IN BOLD

Images | AY AJ Az Ag Asg Ag AZ Ag Ag
CC (%) | 1.8 16.5 29.4 5.6 11.6 1.8 0.2 1.9 20.6
Neloud 20k 814k 1097k 267k 359k 40k 9k 90k 1206k
Fmask | 97.6 949 95.1 96.0 95.5 98.2 99.7 98.7 917
< CDAG 98.4 949 87.6 954 995 98.0 99.6 98.1 86.7
®} CHIC 99.3 971 97.2 985 988 996 99.7 99.6 98.6
CHIU 996 985 952 98.4 97.3 99.4 999 99.8 97.3
S Fmask | 41.2 78.0 91.4 100 99.5 49.7 298 695 99.1
%) CDAG 61.2 96.6 93.0 100 99.6 40.8 14.0 485 98.1
§ CHIC 775 846 93.4 96.5 95.1 86.7 56.2 837 971
o CHIU 93.4 955 97.6 96.5 96.1 910 86.1 97.2 99.1
_ Fmask | 70.7 96.5 92.0 29.1 61.2 475 365 54.8 60{4
§ CDAG 36.8 75.7 62.8 17.8 48.6 27.5 16.6 17.5 36/1
& CHIC 86.8 97.8 96.4 73.6 93.3 86.7 875 941 934
CHIU 825 94.0 84.4 70.5 77.2 68.1 86.8 90.8 81.9
[ Fmask | 52.1 86.3 91.7 45.1 75.8 486 328 613 7510
8 CDAG 46.0 82.3 74.9 30.1 65.3 329 15.2 25.8 528
U_)' CHIC 819 90.7 949 83.5 94.2 86.7 68.4 886 952
L CHIU 87.6 94.7 90.5 81.5 85.6 779 86.5 939 89.7
Fmask 1.3 3.9 0.2 4.0 45 0.1 0.1 0.4 8.0
8 CDAG 0.7 2.4 9.6 4.6 5.9 0.6 0 1.2 13.0
CHIC 0.2 2.3 0.9 1.2 0.2 0 0.2 0.2 0.5
CHIU 0.2 0.2 3.7 1.5 1.9 0.5 0 0 0.5

As for the PRISMA images, the greater the cloud coveone million pixels each) were selected. Among these, three
the better the performance. For studied AVIRIS-NG imageisnages are very urbanized and meagC is 3.8% 2.4%
when the cloud cover is above 10% 4(AA3, As and A), for CHIC and 0.4% 0.5% for CHIU. For the other images
many dense and large clouds are present. If the appropriditat are not very urbanized, mearCC is 0.4% 0.5% for
set of parameters is used (CHIU fo, ACHIC for Az, As CHIC and 0.1 0.1% for CHIU. Overall, therefore, CHIU
and Ay), the detection is quite accurate; (il 94—95%). appears to be more accurate than CHIC for estimating cloud

For lower cloud cover (mainly in urban areas for the imageover, whatever the type of cloud cover. CHIWAWA can be
used), the clouds are often thin. The number of false alarmgplied to an AVIRIS-NG image as follows. CHIU is rst
can be signi cant when using the CHIC setting, and are maingpplied to estimate the cloud detection mask and cloud cover
located on roads and certain buildings. For urban scenes, thestimated cloud cover is lower than a given threshold, e.g
CHIU setting is more appropriate: it provides high preaisiol0%, then CHIU detection mask is retained. If it exceeds this
(P> 90% except for image A, the recall is 88% 4% and threshold, the CHIC method is applied to improve the cloud
the average Fscore is 91% 4% (whereas it is 82% 9% detection mask.
for CHIC). Another way of choosing between CHIC and CHIU is

If all the images are combined into a single image (approxb evaluate the level of urbanization of the scene observed.
mately 3.911 millions cloud pixels)Fscore is 93% for CHIC For instance, an unsupervised classi cation method such as
and 90% for CHIU. For illustration, cloud masks for severaLHRIPS [33] could be used to assess the distribution of
regions of interest are shown in Fig. 14. classes in the image (asphalt, house roofs, different types

Fig. 16 shows some special cases where CHIU and CHUE vegetation, etc.). The same image could thus be divided
can perform differently: detection of thin clouds with CHICinto different zones to which CHIC or CHIU will be applied
but not with CHIU, false cloud detections over buildinggaccording to the level of urbanization detected.
and roads with CHIC but not with CHIU. It also shows the
impossibility of detecting cloudy pixels for which the WV ) .
values have little contrast with the background, as ip AG' Detection performance on mountain images
image. Fmask and CDAG do not detect these clouds eithefThe application of the regression method described in sec-
(see Fig. 12). The distribution of cloud altitudes or thiekses tion III-B is illustrated here on mountain images (see Figa.
can induce strong variations on the WV map histogram; it &8 and 19). In these images, the WV maps are represented with
then possible that clouds associated with the highest WY v&GB colors, which makes it easier to see the changes obtained
ues remain undetected even after two successive CHIWAV#fter correction of altitude variations. In order to eqmalthe
launches (see Fig. 16, rst row). Such cases are rare, howedistribution of pixels according to altitude (some altiaschave
and would correspond to very thin clouds. many more pixels than others), the altitude axis is divided i

Cloud Cover is quite accurately estimated by CHIC an2b m slices and the average WV value is calculated for all the
CHIU: mean CC is 0.6% 0.7% for CHIC and 0.9% pixels within each slice (red triangles in the gures below)

1.2% for CHIU. Performance is also assessed for imagébe t between WV and altitude is calculated using these
without any clouds. Ten ROIs from &\ A7, Ag (of about average values.
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In Fig. 17 (ROI from A), altitude correction allows to  Fig. 21 deals with the PRISMA image;Pwhich is quite
reduce the number of false detections and to better detiect thomplex to process: it contains mountains, snow and clouds
clouds: i score is 90% without correction and reaches 99%ith different thicknesses. Altitude correction is perfeed on
with correction. In Fig. 18 (another ROI fromg}\ studied it. Detection performance is quite accurate: P = 89%, R = 99%,
image is non-cloudy but a local area with a signi cantly hégh F; = 94%. False detections can easily be removed by deleting
altitude than elsewhere is associated with much lower Walouds that are too narrow (containing fewer than 10 pixels)
values, leading to erroneous cloud detection if no comacti Accuracy increases signi cantly and recall is little imped:
is made. After altitude correction, the CHIWAWA method nd® = 96%, R = 97% , F = 96%. On the whole, there is no
longer detects clouds in the area. confusion between clouds and snow. For illustration, CHRIP

Fig. 19 deals with the PRISMA Cuprite imagesPIn this classi cation method [33] is applied to obtain a classi iat
scene, the WV distribution is not only correlated with alie: map including clouds.

WYV increases gradually from the left to the right of the image
Altitude correction does not alter the WV map very much. V. CONCLUSION

The image contains many rocky pixels which are rem'dehe CHIWAWA cloud detection method has been presented:

in the mask of potential cloud pixels, when the value it exploits the complementarity of the ground re ectance
of Tynir is 0.07 (CHIP), leading to a nal detection mask P P y 9

with many false detections (P = 6%, R = 99%, & 11%). image and the WV map to deFect_ thick and thin clouds. A
. L . method for detecting snow and ice is also proposed, as well as
Rocky pixels can be largely eliminated fromg using a . . )
o a method for automatically correcting the altitude depewge
value of 0.15 forTynir, resulting in very accurate cloud

detection (P 100%, R = 95%, = 97%). In general, in the of the WV map in the case of scenes V.V'th relief. . .
; CHIWAWA has been assessed on images acquired with
event of unsatisfactory performance for the user followtimg

: . two different sensors with very different spatial resalns:
execution of CHIWAWA with proposed standard parameterBRISNIA and AVIRIS-NG. It c)I/earIy outpelraforms the other

|rtnolzifvienry am;teevr\: k%ostsrlll:(leeshg dlsmspurgr\:eﬁ deteg';u_)rn by Slrnpl¥nethods tested, especially on thin clouds. For both sensors
ying y INIR OF T SwiR. overall accuracy ranges in 97-100% and the cloud cover
estimation error averages 1%. For PRISMA images, the F
H. Detection performance on images containing snow or ickcore ranges in 95-100% when cloud cover exceeds 10%, and
. " o400 N
In the PRISMA image B, image, the surface is mostly'n 83-94% for smaller cloud covers. For AVIRIS-NG images,

I . 0,
covered with ice (see Fig. 20). Constructing the groundﬁtruh:e FL_score ranges in 94-95% when cloud cover exceeds

o . .
for this type of image is very complex, as the scene contai 8@' For lower cloud cover (corresponding to urban images),

. . .the R score ranges in 84-91%.
many small, relatively thin clouds. There are many uncertai o
ties regarding the location of the boundaries of each clou ,Some limitations of the CHIWAWA method have been

which show very little contrast with the environment whatev observed. Thin clouds are dif cult to detect in urban areas,

the spectral band in the VNIR and SWIR ranges. The obtain8d thely can be confglsed wnhtrrloads an_d tblé'ls\';:/gs' lLOW CIOlf[ds ‘
performances should therefore be interpreted with caution can aiso pose a probiem, as Ihe associate values contras

The average WV level is very low (between 0.25 anEoorly with their surroundings. The presence of numerous

0.36 g/cn?) and WV variations are dif cult to detect. The M right_pixels can signi car!tly increase the false. a]armerat
and M® methods are based on WV map processing and fﬁhlt this problem can be highly reduced by modifying a few
to detect most scattered clouds except for the cloud at foott eéttrr]lresholds. fi ¢ Iso b lored. Anth

left. Cloud pixels are mostly detected as very bright pixels erways ol improvement can aiso be explored. Anthro-

(see section I1-C). Detection performance is quite aceuraPC9enic structures or classes of material that could cause
P = 95%. R = 8206, F= 88% problems (roads, buildings, water, rocks, etc.) could bst

. . detected in areas that are not potentially cloudy. The tiegul
Ice spectra include absorption around 1030 nm, re ectange, ~ ~ .
. . etection masks could then be used by CHIWAWA to detect
growth in the range [1500-1750nm] and a local maximum : . . C
. . . .thin clouds in potentially cloudy areas. Spatial charazation

around 2250 nm as shown in the section II-D. Pixels contain;

ing clouds also check these properties (see Fig. 20), bbta{vitOf clouds (texture) could also be used to better delineate

spectral offset. The detection of this offset can be usestdir cloud edges. The construction of 'Ud'ces c_or_n_blnlng the WV
. : . : map and re ectance could be considered (initial tests ptove
to identify clouds, particularly in the SWIR range at 2350,nm : . : .
. : unsuccessful but the idea still has potential). Finallye th
where ice re ectance should be very low (typically less than o
. . .. simultaneous exploitation of ground re ectance, WV, th&76

0.1) when there are no clouds as it is done with the criteria

dedicated to very bright pixels detection (see section)ll- m oxygen A-band and the 1380 nm water vapor band (Cirrus)
A simple cloud detection method for this kind of ice-covereaOUId also be explored.

image could just be to thresholdssg: the re ectance should

be close to 0 when the pixel contains only ice, but becomes REFERENCES
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RGB Fmask CDAG CHIWAWA

Fig. 12. Comparison of thin cloud detection performancenhwlite Fmask, CDAG and CHIWAWA methods on PRISMA imagas(fst row), P, (second
row), B (third row) and AVIRIS-NG images 4 (fourth row), Ag (fth row), A g (sixth row) and A (seventh row). Thin clouds are mainly detected by
CHIWAWA.
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RGB Mcioud RGB
Fig. 13. Cloud masks estimated with the CHIWAWA method forl®RA P;1—P;»> images.
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RGB Meioud (CHIC) RGB Meioud (CHIU)

Fig. 14. Cloud masks estimated with CHIC (non-urban aread)GHIU (urban areas) for regions of interest from differ&iRIS-NG images. For notation
purposes, A 3 is ROl number 3 of image &
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RGB WV map Mcloud

Fig. 15. Problems that may arise when applying CHIWAWA to $RA images. Two regions of interest from images @st row) and B (second row)
are shown. In both images, small clouds or cloud parts wishfipiently low WV values (values not contrasted with swraling pixels) are not detected by
CHIWAWA.

Fig. 16. Problems that may arise when applying CHIWAWA to RV$-NG images: comparison between CHIC and CHIU. Threeoreggdf interest from
images A (rst row), A, (second row) and A (third row) are shown. In 4, thin clouds are quite well detected by CHIC (with the exiepbf very thin
clouds) but only partially detected by CHIU. InpAsome buildings and roads are mistaken for clouds by CHIEnbtiby CHIU. in A4, the thin parts of
the clouds have WV values that contrast poorly with the bemkgd: CHIC and CHIU are unable to detect them correctly.
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WV (cm): 0.72 1.50 altitude (km): 2.29 2.95

Regression WV = {(z) WV map before corr. WV map after corr. DEM

Histograms before/after corr. RGB Meioud (NO correction) meioua (With correction)

Fig. 17. WV map altitude correction for a cloudy ROI in ima§e (Swiss mountains) and impact on cloud detection mask. ibigton of couples (altitude
z, WV value) for pixels that are not potentially cloudy (regg®n line is green) and histograms of WV values before atet aftitude correction are shown,
as well as WV maps before and after altitude correction witpaiated digital elevation model, and cloud detectionk:iasthout or with altitude correction
of WV map. In this scene, correction allows to reduce the remds false detections (spatial extension of the big cloutj #o better detect thin clouds:
P = 85%, R = 94%, F = 90% before correction, P 100%, R = 99%, I = 99% after correction.

WV (cm): 0.90 1.60 altitude (km): 1.95 2.82

Regression WV = {(z) WV map before corr. WV map after corr. DEM

Histograms before/after corr. RGB Meioud (NO correction) meioug (With correction)

Fig. 18. WV map altitude correction for a non-cloudy ROI inaige Ag (Swiss mountains) and impact on cloud detection mask. iDigton of couples
(altitude z, WV value) for pixels that are not potentially cloudy (regg®n line is green) and histograms of WV values before atedt aftitude correction are
shown, as well as WV maps before and after altitude cornecatith associated digital elevation model, and cloud d&rcmnasks without or with altitude
correction of WV map. In this scene, altitude correctionidsdalse cloud detections in a mountainous area.
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0.6 altitude (km): 1.3 2.0+
altitude z (km) RGB WV map before corr. WV map after corr. DEM
Y Mo (Tynir=0.07)  Mcioud (Tynir=0.07) Mo (Tynir=0.15)  Mcioud (Tynir=0.15)

Fig. 19. Altitude correction of the WV map for the13 cloudy image (Cuprite, USA) and impact on the cloud detectivask. Top, distribution of pairs
(altitude z, WV value) for pixels that are not potential clouds and histans of WV values before and after altitude correction.hie middle, masks of WV
values before and after altitude correction with the asdedidigital elevation model: here, altitude correctios ligle impact on WV distribution and does
not really help for cloud detection. However, the value & thresholdTyr has a signi cant impact. A value of 0.07 implies a large numbgpotential
cloud pixels (rocky surfaces) and a poor quality detecticaskn(P = 6%, R = 99%, = 11%). Increasinglynir t0 0.15 removes most of the rocky pixels
from mo and enables fairly accurate cloud detection (PL00%, R = 95%, I = 97%).

M)

R

RGB 2350

WV map Mcloud 2350 thresholding

Fig. 20. Re ectance spectra of the ice-covered PRISMA Bnage and cloud detection maps. The spectral shapes adarswtiether clouds are present
or not, the amplitude increases signi cantly in the presen€ clouds in full spectral range. The presented cloud tieteanaps are obtained by applying
CHIWAWA or by simply thresholding 2350 (threshold is 0.10). Respective performances are (P = 95%,82%, R = 88%) and (P = 95%, R = 80%,
F1 = 87%).
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WV (cm): 0.40 1.65 altitude (km): 1.0 3.6+
WV map before correction WV map after correction Digitalwgltton model
RGB Meioud after correction Classi cation after correction

%ﬁ%

T T T T T T T T

2350

Fig. 21. WV map altitude correction for the PRISMA image; Fand impact on cloud detection mask. This image contains tams) snow and clouds. At
the bottom, cloud detection mask and a classi cation magpopered with CHRIPS [33] are shown. Re ectance spectra ofagnpixels and pixels of clouds
with different thicknesses are also shown. Speci ¢ absonparound 1030 nm can be observed for snow pixels (pink aedrgspectra). The red spectrum
corresponds to a pixel detected as very bright and theniidéras cloudy: without this processing (see section II-@)would not be detected as cloudy
because its WV value is too high. Detection performance iteqaccurate: P = 89%, R = 99%; E 94%. It can be seen that, as with the ice-covered image
P14, 2350 easily distinguishes clouds from snow and could be used ascardinative feature to detect clouds in this type of scene



