Detection of low clouds in Meteosat images based on
a contextual spatio-temporal labeling approach
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Abstract

This paper presents an original method to detect
low clouds at night from METEOSAT IR images. We
exploit relevant motion-based measurements as well as
information on the temperature and the thermal struc-
ture of the elements constituting the scene. A classifi-
cation in three classes (low clouds, clear sky and other
clouds) is embedded in a Bayesian estimation frame-
work associated with Markov Random Field (MRF)
models. An unsupervised learning scheme of thermal
parameters associated to each class has been developed.
We also propose a spatially-progressive minimization
procedure of the energy function starting from reliably
labelled pizels and based on the deterministic relax-
ation algorithm ICM. Contextual information on the
label field is taken into account. Experimental results
are reported and compared with ground truth. They
demonstrate the efficiency of the proposed approach.

1 Introduction

Nowecasting of stratiform low clouds (SLC) as stra-
tus and fog is very important for the security of air and
road traffic. Such an identification can be achieved by
exploiting the distinct emissivities of stratiform clouds
in the 3.7um and 11pum channels of the polar satellite
NOAA/AVHRR. However, this can only be performed
at too distant time instants. Short-time forecasting re-
quires a higher frequency of observations provided by
a geostationary satellite such as METEOSAT. Many
different cloud classification methods relying on multi-
spectral information were already developed. The
most common approach is to classify each pixel on an
individual basis. Statistical classifiers based on a dy-
namic clustering technique was for instance applied to
METEOQOSAT images [4]. Cloud detection methods us-
ing threshold tests applied to different combination of
channels were also considered [3]. A more specific stra-
tus and fog detection scheme based on thresholding
of the difference between 11pum and 3.7um channels
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is described in [6]. The authors reduce the number
of misclassified pixels by temperature averaging and
eliminating too small regions of SLC supposed phys-
ically invalid. [2] recently proposed a method com-
bining temperature thresholding for clear sky identi-
fication, and a proximity decision rule in a 3d-feature
space involving previously learned cloud parameters.

However, these pixel-wise methods tend to produce
noisy results without postprocessing. Contextual la-
beling approaches appear to be more efficient in that
sense. Such an analysis based on transition proba-
bilities between pairs of neighboring pixels has been
investigated in [7].

[10.5 — 12.5 pm] Thermal infrared (IR) is the only
METEOSAT channel available during night for de-
tecting low clouds. Then, multi-spectral analysis is
not available in that case. Moreover, low clouds are
often quite difficult to delineate within a single ME-
TEOSAT IR image due to the poor thermal contrast
between low clouds and the earth surface. A spatio-
temporal approach is therefore relevant to correctly
locate such clouds.

2 Definition of observations and labels

A preliminary thresholding step allows us to sepa-
rate pixels of low intensity values, i.e. cold tempera-
tures, belonging unambiguously to medium and high
clouds, from the others. Temperature thresholds are
linked to the ground (or sea) temperature by a linear
law, as defined in [2]. We aim at classifying the re-
maining pixels § into three classes consisting of low
clouds, “l¢”, clear sky, “cs” and other medium and
high clouds “oc”. We force unambiguous high level
pixels U to keep label “oc”. Depending on the amount
of high level clouds within the scene, computational
time can be quite reduced. We propose an original
statistical contextual labeling method to solve this is-
sue.

We have defined a two-component feature vector



involving both image intensities I and motion-based
measurements w. We can easily deduce the corre-
sponding temperatures from intensity values I using
the calibration tables provided by EUMETSAT. The
motion-based observation at pixel p relies on the spa-
tial intensity gradient VI, and the temporal intensity
derivative Iy; it is defined by, [8]:
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where F, is a window centred on p containing N pixels
and G,, is a predetermined constant which can be
assimilated to noise level. w(p) can be seen as a local
weighted average of the normal component (i.e. in the
direction of the spatial intensity gradient) of the 2D
image motion vector.

SLC are characterized by a rather smooth and fea-
tureless appearance which does not facilitate the in-
tensity gradient-based motion evaluation. Therefore,
it is important to qualify the reliability of this motion-
based information at each pixel according to the spa-
tial intensity gradient distribution in the vicinity of
this pixel. Lower and upper bounds, related to ob-
servation w(p), can be derived [8] for a given min-
imal low cloud displacement magnitude 4. A value
of w(p) greater than the upper bound L(p) indicates
that the underlying displacement magnitude is at least
equal to 4. In contrast, a value of w(p) lower than the
lower bound I(p) reveals a displacement lower than 6.
Nothing can be straightforwardly deduced if w(p) lies
within [I[(p), L(p)], and then, contextual information
must be exploited.

3 Statistical modelling

To formulate this labeling problem, we have
adopted a statistical approach based on Bayesian esti-
mation (MAP criterion) associated with Markov Ran-
dom Field (MRF) models. The MRF framework pro-
vides a powerful formalism to specify linear and non-
linear relations between observations o (temperature,
motion) and the label field e (involving three classes,
“lc”, “cs” and “oc”), while easily allowing to express
a priori contextual information on the label field. Due
to the equivalence between MRF and Gibbs distribu-
tions, [5], it turns out that this leads to the definition
of a global energy function U(o,e). We have designed
the following energy function:

Uy (w,e) (motion term) Usz(I,e) (temper. term)

~

Uo,e)= 3 Vi), e@)+ 3 Vol (), e())

pES peS
data—dr‘i;en term
Us(e)
+a Y Vi(e(p),e(r))
<p,r>€C

v

regularisation term

2)

where C represents all the binary cliques associated
with the considered second-order neighborhood sys-
tem on the set of sites (pixels).

3.1 Definition of the energy terms

Potential V5 characterizes the adequacy between
the estimated label field e and the temperature map.
It also takes into account a geographic mask G. Ther-
mal parameters associated to potential V> are the
mean temperature fi.qss and variance Uflass where
“class” stands for labels “l¢” or “cs”. They are esti-
mated for each class over different areas R in the image
accounting for the possible latitude-dependent varia-
tions, using an unsupervised learning scheme. To this
end, each image is split into predefined homogeneous
ground (or water) areas R, where relevant modes
are extracted either from temperature histograms of
mobile pixels characterized by displacements greater
than § (in practical § € [1,2]) or of motionless pixels
(w(p) < (p))-

More information can be extracted from the anal-
ysis of thermal profile along coasts. We extract coast-
lines, formed by edges in the binary map G, as a set
of closed curves (island) or not. We compute along
each curve the spatial intensity gradient in the direc-
tion normal to the curve. We assume that a small
thermal variation on a large enough segment of the
curve reveals the presence of stratiform clouds (see
Fig. 1). These regions of low clouds are then used in
the learning scheme as well as in the initialization of
the minimization step.

Information on featureless SLC displacements is
predominantly obtained at their boundaries. Then,
we have to characterize the nature of pixels belonging
to the occlusion regions. We know that, over the wa-
ter, low clouds are rather colder than the water sur-
face. There are in that case, no difficulty to deter-
mine uncovered background from moving pixels. On
the other hand, low clouds located over the ground
can appear warmer in case of temperature inversion
within low level air. This phenomenon, referred to as
“black stratus” has to be detected in order to deter-
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Figure 1: Example of two local detections of SLC
around coastlines. In white, coastlines presenting a
low spatial thermal gradient, and then supposed to be
covered by low clouds.

mine the nature of the occlusion areas. Then, we build
up the temperature histograms Ho of the motionless
pixels with the choice of a high value of parameter G,,
to get as reliable as possible information. Motionless
pixels are therefore located within the most contrasted
regions as coastlines or textured land (I(p) > 0), and
not in the inner part of a SLC (I(p) — 0). Extracted
modes from these histograms are considered as cor-
rectly representing land temperature. These modes
are compared, exploiting the Fisher distance, with
those obtained from the temperature histograms of
pixels verifying w(p) > L(p) including invalid uncov-
ered background pixels. Modes which are not present
in Ho are then used to determine low cloud thermal
parameters over land. The other ones correspond to
uncovered background pixels and are eliminated.
This learning step is updated for each image along
the sequence, which allows us to cope with tempo-
ral variations of the temperature modes. A robust
Leclerc’s estimator is used to define potential Vs:

Va(I(p),e(p)lg(p) =
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where index j indicates the jth of the N .55 modes
within a given area R (Fig. 2). We handle in this way
the possible presence of several characteristical tem-
peratures within the same area for a given class. Such
multi-modal situations can be caused for instance by
local transparency phenomena.

Potential V; accounts for the intrinsic mobility and
the smooth appearance of SLC with help of the con-
fidence informations on motion-based measurements.
Moreover, the use again of robust estimators [1] allows

us to deal with large deviation from the data model
occuring in particular in occlusion areas.

1 ! ! ! ! T —
o9 // ol
o0s
07
06
o0s
0.4
03
02

0.1

° N
210 120 130 140 150 160 170 180

Figure 2: Thermal potential term attached to label
“cs” for a given region. Two modes (N.s = 2) have
been found (dashed line) for sea area, and one mode
(solid line) for ground area.

The featureless aspect of SLC results in a lack of
reliable motion-based measurements verifying w(p) >
L(p), except in the vicinity of the cloud boundaries. In
order to increase the amount of these usable motion-
based measurements, we perform their calculation
twice, once from ¢t to t + 1 and once from ¢ + 1 to
t. Moreover, as explained above, we are able to deter-
mine which between low clouds or underlying ground
is the warmer. Then, the test below allows us to iden-
tify the nature of an occlusion area from the sign of
the temporal intensity gradient I;:

w(p) > L(p) and sign(l;(p)) = sign(pes — puc)
= p € {le,oc}
w(p) > L(p) and sign(ly(p)) # sign(tes — fuc)
= pEcs

(4)

where conditions expressed in (4) stands respectively
for moving pixels and uncovered background. If a pixel
is considered as a moving pixel, its motion-based mea-
surement is used at time ¢. On the other hand, a mea-
sure w(p) of an uncovered background pixel is stored
and used at time ¢ + 1.

Behaviour of potential V; in different situations is
depicted on Fig. 3.

Case (1) corresponds to an ambiguous situation
(e.g. the core of a stratiform cloud). The uncertainty
interval [I(p), L(p)] here tends to its maximum width
[l(p) — 0,L(p) — 4]. A low value for w(p) thus in-
duces a rather small difference between potentials at-
tached to cloud labels (“lc” or “oc”) and label “cs”,
since it is not discriminating by itself. In case (2),
the local intensity contrast brings uncertainty bounds

closer ([I(p) — %,L(p) - \%D, and labeling “l¢” or
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Figure 3: Motion-related component of the data-
driven potential term for two configurations (uniform
area (1) and contrasted area(2)) with § = 1.

“oc” is then more penalized for a motion observa-
tion lower than L(p). Whatever the local intensity
contrast, potential V7 attached to labels “Ic” or “oc”
presents a minimum cost for w(p) > L(p). Indeed,
we can assume that w(p) > L(p) indicates a displace-
ment of magnitude at least equal to §, which is usually
perceptible in the vicinity of low clouds boundaries or
inside textured clouds.

Potential V3 is defined on two-site cliques < p,r >,
and models the spatial constraints on the label field.
It is given by:

Vz(e(p), e(r)|VI(p)) =

+02 - if e(p) # e(r)

+61 atan(VI(r) —7) if e(p) = e(r) =lc (5)
—Bs if e(p) =e(r) =cs

—203, if e(p) = e(r) = oc

We favour compact areas by introducing a negative
potential for identically labeled neighboring sites and
a positive potential otherwise. However, the smaller
the local spatial image gradient magnitude, the most
favoured configuration e(p) = e(r) = lc since the
low clouds are supposed to be rather uniform in in-
tensity. 7 determines the spatial intensity gradient
magnitude from which cost becomes positive. Param-
eter (5 is chosen in order to penalize configuration
e(p) = e(r) = lc less than configuration e(p) # e(r)
even if VI(r) is high. We favour the configuration
e(p) = e(r) = oc over e(p) = e(r) = lc in order to ac-
count for the edge of medium or high clouds. Indeed,
the apparent temperature in such areas decreases and
might get close to the one of low clouds.

3.2 Minimization Scheme

Our formulation of the cloud classification problem
leads to the minimization of the global energy function
U(o,e). We have designed an iterative minimization

scheme, based on the deterministic relaxation algo-
rithm ICM (Iterated Conditional Mode), that involves
a proper handling of the initialization step, and follows
a “propagative” relaxation process. The principle is to
propagate information from reliable points toward ar-
eas presenting uncertain motion-based measurements.
It starts in the neighborhood of most reliable pixels,
called germs defined by:

w(p) > L(p) and pye — o < I(p) < pye + o1 (6)

Moreover, pixels surrounding extracted coastlines are
taken as additional germs. Label assignment of germs
and neighboring sites is first realized according to a
Maximum Likelihood (ML) criterion. Relaxation in-
volving the regularisation energy term is then per-
formed in the neighbourhood of these first labeled
sites, and is progressively extended. This iterative re-
laxation scheme is stopped when the entire image has
been processed. A step of the propagative scheme is
illustrated in Fig. 4b.

(b)

Figure 4: (a) Germs are plotted in white. (b) Sec-
ond step of the “propagative”relaxation scheme. Low
clouds are in light grey, clear sky in black (over sea) or
grey (over land), and other clouds in dark grey. Pixels
in white are not still processed.

4 Results

An example of cloud classification is provided in
Fig. 5b. The processed region (Fig. 5a) is centered
over Western Europe in the IR METEOSAT image
acquired on October 2, 1997, at 03h30 UTC. The ob-
tained results can be compared with a cloud classifica-
tion (Fig. 5c¢), extracted from the polarstereographic
NOAA/AVHRR image recorded at 03h27UTC, [3].
NOAA imagery permits the use of a combination of
3.7 and 11pm IR channels, which leads to locate low
clouds in an easy way. Therefore, image in (5c) can
be considered as “ground truth”. We can point out
that the two classifications are quite similar. In par-
ticular, one difficulty is that stratus over North of
France appear warmer than ground due to a low level
thermal inversion, and their temperatures differ only



from 1.5°C. Pixels presenting sufficient and reliable
motion-based measurements, although rather sparse,
well-contribute to correctly initialize the contextual
and iterative segmentation process. Parameters [,
B2 and 7 are set in a heuristical way respectively to
0.1, 0.04 and 3. Similarly, G,,, and § are fixed resp. to
2 and 1.

()

Figure 5: (a) METEOSAT enhanced IR image on Oc-
tober 2, 1997 at 3h30UTC. (b) Obtained classification
map. Low clouds are in light grey, clear sky in black
(over sea) or grey (over land), and other clouds in dark
grey. (c) NOAA classification at 03h27UTC, from [3].

5 Conclusion

We have proposed an original statistical contex-
tual labeling method to detect low clouds from IR
METEOSAT images during nighttime period, which
is of particular importance for every day weather

analysis and forecast, in Western Europe. The
use of motion-based measurements allows us to en-
large the information supplied by the only ME-
TEOSAT IR channel available by night. More-
over, temporal coherence of the classification along
the sequence is properly handled by the developed
scheme. Segmentation maps can thus be animated,
and can provide useful insights on the weather situ-
ation to be analysed. More results can be seen at
http://www.irisa.fr /Vista/Demos/Demos.html.
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