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Abstract: The researches on weather system are very complicated because the
weather system includes many factors, among which the cloud is a very important
factor. Cloud appears with various shapes, different gray scales and not clear
boundaries in the remote sensing images. For the active contour model and its ex-
tensions proposed by Vese and Chan can detect objects whose boundaries are not
clear and not necessarily defined by gradient, we employ the active contour model
in cloud segmentation in remote sensing cloud imagery. After the contours evolu-
tion, the image is automatically decomposed into a set of coherent regions with
similar gray scale. The segmentation results are helpful to obtain the distribution
of cloud at different levels as a whole, and moreover, the segmentation results
could lay a good foundation for further image processing.

Keyword: image segmentation; remote sensing cloud image; active contour mod-
el without edges; multi-phase active contour model.

1 Introduction

The meteorological satellite imagery has been widely utilized in weather service
with its high temporal and spatial resolution as well as extensive coverage up to
date. It has become the most important unconventional data except for conven-
tional data. Cloud is the vital target in meteorological satellite imagery. The reflec-
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tivity and emissivity of the clouds within the electromagnetic spectrum are!
re2ferred to as the spectral properties of the clouds. These spectral properties are
functions of cloud physical properties such as phase, thickness, and cloud top
temperature [1]. Cloud top temperature is related to the height of the clouds, and
higher clouds are cooler than lower clouds. Generally speaking, clouds are classi-
fied into three types, i.e. low level, middle level and high level. IR channels
(IR10.8 and IR12.0) are useful for revealing differences in the temperature of
cloud surfaces which are related to cloud top height [2]. Since the cloud classifica-
tion is of vital importance for weather analysis and forecasting [3], the automatic
cloud classification and segmentation have become a major research direction re-
cently. In the past few years, several approaches of cloud classification, which
based on different features and classifiers, have been developed and applied to im-
ages of various meteorological satellites such as AVHRR, MODIS, GMS etc. The
early approaches used a set of thresholds on reflectance, brightness temperature
(BT), and BT difference [4-7]. The subsequent approach of cloud classification is
based on statistical and artificial neural network methods using features of ra-
diance, reflectance, and BT [3], [8-12]. Recently, the singular value decomposi-
tion (SVD) is used to segregate cloud and non-cloud in visible and IR bands of
imagery, and it can also classify clouds as low, medium or high level [13]. Fur-
thermore, Ahmed AK. Tahir [2] proposes an approach for continuous daytime
cloud classification system through satellite images. The system is based on spec-
tral ratio values as input features and a modified version of probabilistic neural
network (PNN), named Quick PNN (QPNN), as a classifier. The above mentioned
methods based on statistical and artificial neural network involved two stages fea-
ture extraction and classification. These methods always could get higher classifi-
cation accuracy when they are applied in a certain kind of satellite images, in case
the satellite changed, the results would not be ideal, that is to say the universality
of method is deficient. Moreover, the factors, such as noise in image, variable
background intensity, and irregularity of cloud etc., all would affect the accuracy
of classification, and the whole procedure was somewhat time exhausting and data
dependent. Nevertheless, a type of image segmentation approaches based on ac-
tive contour model has been applied in medical image, remote sensing image and
industrial image. The wide applicability of active contours is attributed to the in-
herent continuity and smoothness of active contours. The model can compensate
for noise, gaps and irregularities in object boundaries. In this paper, we employ the
multi-phase active contour model for segmentation in satellite cloud imagery, and
obtain a set of cloud segments of different levels hoping to offer some help to
weather analysis for forecasters.
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The paper is organized as follows. In section 1, we introduce the multi-phase ac-
tive contour model and related model. In section 2, we apply the 4-phases level set
active contour model for cloud segmentation in IR band images and present the
results of tests. And conclusion is given in section 4.

2 Multi-phase active contours model and related model

2.1 Active contour model without edges

Chan and Vese [14] proposed the active contour model without edges, which is al-
so called C-V model, and it is a particular case of the Mumford and Shah model.
Given the curve C = 0w, with @ < Q an open subset, and two unknown con-

stants ¢ and ¢, denoting Q, = @,Q, = Q\ @, the energy functional A(c;,c,C)
is defined by

F(c,C,,C) = u-Length(C)+ 4 [ Jug(x,y)—c,| dxdy +
inside(C) (1)

2
B [ Ju(xy)-c,f dxdy
outside(C)
where x>0, 4,4, >0 are fixed parameters.
The energy functional A(c1,6,C) is transformed in the level set formulation, with

C={(x V|p(x.y) =0}
F (G o) = 1] 5P YV 9, ey + 4, |uy(x, Y) ~ . H(g(x, y))decly +

2o [ U5 (%, ¥) =, (W= H (#(x, y)))dxdy
2

keeps ¢ fixed and minimizes the energy functional with respect to the constants ¢
and &
[us(x, Y)H (4(x, y))xdly
c,(g)=" )
1 [H(#(x, y))dxdy
Q
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[uy(x, y)@—H (#(x, y)))dxdy
c, =L (4)
v [ @=H(#(x, y)))dxdy

keeps ¢ and ¢, fixed and minimizes the energy functional with respect to ¢, the
associated Euler-Lagrange equation for ¢ was deduced:

%:55(¢)|:/Jd V[%J_(uo _C1)2+(uo_cz)2:l ®)

2.2 Multi-phase level set based active contour model

The aforementioned C-V model uses only one level set function, so it can
represent only two phases or segments in the image. For some other geometrical
features, such as triple junctions and complex topologies, cannot be represented
using only one level set function, Vese and Chan [15] endeavored to look for a
new multi-phase level set model which can represent more than two segments or
phases in an efficient way. They proposed using only log,/ level set functions to
represent /7 phases or segments.

They considered m = log,n level set functions ¢ : € — R. The union of the

zero-level sets of ¢ represented the edges in the segmented image. They also in-

troduced the “vector level set function” ® = (¢q,..., ¢n), and the “vector Heaviside
function” H(®) = (H(p4)...., H(pm)).They labeled the classes by /, with 1< /< 2" =
nand defined a constant vector of averages ¢= (¢, ..., ), Where ¢,= mean(i) in
the class /, and the characteristic function y; for each class / The energy function
would be minimized was given by:

Fe®= 3 [ (U—c) zddy+ Y uf [VH(@) (©)

1<1<n=2" <l<m
For n= 2, therefore m= 1, the active contour without edges was obtained. For
n=4 phases or classes, therefore m= 2 level set functions:

Fa(e, @) = [ (U =) H ) H (,)dxdy + [ (Uy —C10)* H (¢h)(L— H (4;))dxdy
(U =) (W= H (A H (¢, )dxdy + [ (U —C50) (L= H (4))(L- H (4;))dxdy

+uf [VH(@)|+ uf [VH()|
()

where ¢= (¢, G, Co1, Coo) WaS constant vector, and @ = (&, @,).
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The Euler-Lagrange equations obtained by minimizing (7) with respect to ¢ and
)

.¢1 B Vo | PSRV IR
E =6, (¢ ){ud V(rv_m) [((uy —¢yy)" = (Uy —Cpy))H (4,) @®)

+((uo - Clo)2 - (uo - Coo)z)(l_ H (¢2))]}

09, vV, _ AN (1 N2
E - 55 (¢2 ){ﬂd V(W) [((uo Cll) (Uo Clo) )H (¢1) ©

+((U0 - C01)2 - (uo - Coo)z)(l_ H (¢1))]}

3 Segmentation of satellite cloud imagery applying multi-phase
active contours model

The FY series geostationary meteorological satellites have five spectral bands: one
visible band, one water vapor band, one near infrared band, two thermal infrared
bands. The chosen test images are the china continental cloud images of IR1 band
which downloaded from national satellite meteorological center (NSMC). The size
of image is 256 x 256. We apply the multi-phase active contours model in the
segmentation of two test images, and obtain four segments in the images. The
main parameters in the model needed to be set are iteration number (N), p and the
mask for initial contours.

Fig.1(a) and (b) are two IR1 band images, Fig.2(a) and (b) are two contours’ trans-
formation after a number of iterations, Fig.3(a) and (b) are two global region-
based segmentation of two images.
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Fig.1: two IR1 band images
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Fig.2: contours’ transformation after iterations

Global Region-Based Segmentation Global Region-Based Segmentation
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Fig.3: global region-based segmentation

As seen from Fig.3(a) and Fig.3(b), the images are segmented into four classes,
each class is identified by the mean gray scale in closed region. Each of the four
classes corresponds to cloud at different height levels, the higher the gray scale the
higher the cloud top height, for the gray scale in IR channel image reveals the dif-
ferences in temperature of cloud surfaces which are related to cloud top height. As
shown in Fig.3(a) most of clouds are high level, the low level cloud and land sur-
face or sea surface are in the second place, and middle level cloud is the less. As
shown in Fig.3(b), the main body of typhoon cloud belt with very high gray level
is well segmented from other cloud, after the further processing of the typhoon re-
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gion, we can locate the typhoon. So from the global region-based segmentation re-
sults we could understand the rough distribution of clouds at different levels in the
image, and realize which type of clouds is dominant in the image, that would be
helpful for the analysis of weather system.

3 Conclusion

In this paper we use the level set based multi-phase active contours model in seg-
mentation of satellite cloud image. The model could automatically divide the im-
age into four classes through the transformation and evolution of contours. The
obtained the global region-based segmentation results facilitate understanding the
distribution of cloud at different levels and offer some help for weather system
analysis.
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