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ABSTRACT

An efficient tropical cyclone (TC) cloud image segmentation method is proposed by combining the
curvelet transform, the cubic B-Spline curve, and the continuous wavelet transform. In order to enhance the
global and local contrast of the original TC cloud image, a second-generation discrete curvelet transform
is implemented for the original TC cloud image. Based on our prior work, the low frequency components
are enhanced by using an incomplete Beta transform and the genetic algorithm in the curvelet domain.
Then the enhanced TC cloud image is used to segment the main body of the TC from the TC cloud image.
First, pre-processing is implemented by B-Spline curves to the original T'C cloud image to remove unrelated
small cloud masses. A region of interest (ROI) which includes the main body of TC can thus be obtained.
Second, the gray-level histogram of ROI is obtained. In order to reduce oscillations of the histogram, the
gray-level histogram is smoothed by cubic B-Spline curves and the B-Spline histogram is obtained. The one
dimensional continuous wavelet transform is employed for the curvature curve of the B-Spline histogram.
A new segmentation cost criterion is given by combining threshold, error, and structure similarity. The
optimally segmented image can be obtained by the criterion in the continuous wavelet domain. The optimally
segmented image is post-processed to obtain the final segmented TC image. The experimental results show
that the main body of TC can be effectively segmented from the complex background in the TC cloud image
by the proposed algorithm.

Key words: tropical cyclone cloud image, segmentation, B-Splines, curvelet transform, continuous wavelet
transform
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1. Introduction

With the improvement in time and spatial reso-
lutions of satellite, the satellite cloud image has be-
come an important tool for monitoring tropical cy-
clones (TCs). The TC cloud image segmentation is an
important issue but is also a difficult one. A complete
TC cloud mass includes all kinds of clouds. The TC
cloud mass includes different types of clouds in differ-
ent developing phases. Therefore, it is very difficult
to use a proper statistic method to process all kinds
of clouds. Currently, no general algorithm suitable for

all applications is found. In general, different segmen-

tation approaches are used to segment different kinds
of images. In this paper, we aim to segment the main
cloud series from a TC cloud image.

Many researchers have done lots of good work in
this area. Some researchers have carried out studies to
segment a satellite image by using shape (Chehdi and
Liao, 1993; Waldemark et al., 2000), colour, texture
or region information (Shan et al., 1993; Tateyama et
al., 2002). Some researchers have carried out studies
to segment a satellite image by using mathematical
morphology (Tateyama et al., 2004; Liu et al., 2001,
2004; Wang et al., 2001; Liu et al., 1997; Lopez et al.,
2004; Intajag et al., 2006). Many researchers used the
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clustering algorithm to segment a satellite image
(Xue et al., 2006; Baraldi and Parmiggiani, 1998;
Thitimajshima, 2000; Ooi and Lim, 2006; Rekik et al.,
2006). Some other researchers have segmented a satel-
lite image by using the artificial intelligent algorithm
(Vannoorenberghe and Flouzat, 2006; Ye et al., 2006;
Neagoe and Fratila, 1999; Shi et al., 2001). Most of
the above works are engaged in high resolution satel-
lite images. Segmentation of TC cloud image is very
important in weather forecasting, however, relevant re-
search in this respect is little (Liu et al., 2004; Wang et
al., 2001; Liu et al., 1997; Lopez et al., 2004; Baraldi
and Parmiggiani, 1998). Most of the segmentation
methods for TC cloud images are based on intensity
or texture of satellite cloud images, without consider-
ing the radian information of the TC. Therefore, this
may result in inaccurate segmentation for some TC
cloud images.

Recently, the multi-scale geometry analysis
(MGA) method has been widely used in image pro-
cessing. Discrete curvelet transform is an efficient
MGA method (Jean et al., 2002). It has many advan-
tages compared with the wavelet transform. For exam-
ple, it has better directional properties. This method
has been used widely in image denoising, enhance-
ment, segmentation, fusion, and compression (Long
et al., 2005). It is divided into two categories: first-
generation curvelet transform and second-generation
curvelet transform. The computation burden of the
second-generation curvelet transform is less than that
of the first-generation.

In this paper, we use the second-generation dis-
crete curvelet transform, an incomplete Beta trans-
form, and the genetic algorithm (GA) to enhance the
global and local contrast of an original TC cloud im-
age. The enhanced image is used to segment the main
body of the TC. Pre-processing is done to the orig-
inal TC cloud image to get rid of unrelated small
cloud masses. We use the one-dimensional contin-
uous wavelet transform (CWT) and cubic B-Spline
curves to segment the pre-processed TC cloud image.
Firstly, a B-Spline curve is used to smooth the os-
cillations of original gray level histogram and the B-
Spline histogram is obtained. The curvature curve of
the B-Spline histogram is decomposed with the one-
dimensional CWT. Secondly, based on our prior work
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(Zhang et al., 2007a), an optimally segmented TC
cloud image is obtained. A new cost criterion is pro-
posed by combining Jung criterion (Chang et al., 1997)
with structure similarity (Wang et al., 2004) to de-
termine the optimal segmentation scale in the CWT
domain. Post-processing is implemented to the opti-
mally segmented TC cloud image to obtain the final
segmented TC cloud image.

2. Pre-processing for TC cloud image

The original TC cloud image may be fuzzy or of
bad contrast for various reasons. It is necessary to
enhance the contrast of TC cloud image in order to
efficiently segment the main body of TC from a satel-
lite cloud image. Based on our prior work (Zhang et
al., 2007a), the discrete curvelet transform, the incom-
plete Beta transform, and the GA are used to enhance
the global contrast of the TC cloud image. Let the
enhanced TC cloud image be G (Zhang et al., 2007a).
Median filter is used to suppress the noise in the TC
cloud image, thus a filtered image M is obtained. Let
F' show the original TC cloud image. In order to en-
hance the low frequency components of the TC cloud
image, a new TC cloud image L can be obtained as

follows:

L(z,y) = G(z,y) — F(z,y). (1)

Similarly, in order to enhance the high frequency
components of the TC cloud image, another new TC

cloud image H can be obtained as follows:

Therefore, an ultimate enhanced TC cloud image
H can be obtained by

U(z,y) = aL(z,y) + M(z,y) + BH(z,y), (3)

where x =1, 2,3, ---, C; y=1, 2, 3, ---, R. Vari-
bles C' and R respectively represent the columns and
rows of the TC cloud image. « and [ are constants
which control the enhanced extent for low and high
frequency components of the TC cloud image. Here

we set « = 3 = 1.
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3. The B-Spline histogram

Bezier curve is a kind of parameters curve based
on approximation, which was constructed by Bezier
in French in 1962 (Sun, 1998). Bezier curve has been
used to smooth the histogram of satellite cloud im-
age in our prior research (Zhang et al., 2007a). Bezier
curve has many advantages. However, it has two short-
comings: (1) Rank of Bezier curve is determined by
the number n of vertices of characteristic polygon.
The ability that the characteristic polygon controls the
Bezier curve will become weak when n is large. (2)
Local modification cannot be implemented in Bezier
curve, i.e., the whole curve will be influenced if posi-
tion of one control knob is changed. In 1972, Gordon
expanded the Bezier curve. B-Spline function was used
to replace Bernstein function. B-Spline curve can im-
prove the defects of the Bezier curve. We use even
B-Spline function to smooth the histogram of the pre-
processed TC cloud images. Referring to the Bezier
curve equation, B-Spline curve which has n + 1 con-
trol knots P; (i =0,1,---,n) can be written by

C(u) = ZPiNi,k(U)7 (4)

1=0

where N; ;(u) is the base function, and it can be de-

fined as

1,
Nio(u) = { 0

— ;) N; —
Nip(u) = 0Nt (0)
tivk — 1

(tivk—1 — u)Nip1x—1(u) (
tivk+1 — tit1

ti <u <t (5)

otherwise

+

tr <u < thy), (6)

where t; is the knot and T =
[to,t1, - ytr+ok+1] (L =n—k) forms the knot vector
of the kth order B-Spline function. Equation (6) is the

even B-Spline function when ¢;,1 —t; = constant. We

value,

have to use the discrete matrix form of the B-Spline
curve to smooth the histogram of TC cloud images.
Here we use cubic B-Spline curve to complete the
task. A piece of cubic B-Spline curve can be obtained
by extracting neighboring four knots every time from
n 4+ 1 control knots P; (i = 0,1,---,n). The base
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function of the cubic B-Spline curve can be written by

Niz(u) = [N13(u) Nagz(u) Nzz(u) Nas(u)] (7)

where
Ny s(u) = (1/6)(—u® + 3u® — 3u + 1), (8)
Nos(u) = (1/6)(3u® — 6u? + 4), (9)
N3 3(u) = (1/6)(—3u® + 3u® + 3u + 1), (10)
Nys(u) = (1/6)(u?), 0<u<l. (11)

Thus the base function of the cubic B-Spline can

be written by the following matrix:

Nis(u) = (1/6)[u® w* u 1]

-1 3 =3 1

3 —6 30 (12)
-3 0 30

1 4 1 0

Two neighboring cubic B-Spline curves can be

written by

C@g(’d) = N173(U)Pi_1 + N273(U)Pi

+N3 3(u)Pit1 + Nyg(u)Piga, (13)
Cit1,3(u) = Ny 3(u)P; + Nos(u)Pigq
+N33(w)Pito + Nyz(u)Pigs. (14)

Therefore, ith cubic B-Spline curve can be written
by
4

Cis(u) = Nja(u)Piyj o

j=1

(15)

The matrix form, corresponding to Eq. (15), can

be expressed as

Cis(u) = (1/6)[u* u? u 1]

-1 3 -3 1 P
3 -6 30 P

! ,u €[0,1], (16)
-3 0 30 Py
1 4 10 P

wherei =1,2,--- ,n—2. Direct spline interpolation of
noisy histogram of the pre-processed TC cloud image
may result in a curve with unwanted oscillations. This
is particularly bad because the curvature of the curve
is important to determine the segmentation thresh-

olds. A better approach is to reduce the degrees of
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freedom for the spline and use the method of least
squares to fit the spline to the noisy histogram (Hans,
1998). The degrees of freedom are connected to the
number of breaks (knots). Spline interpolation uses
all data points as breaks, while spline fitting uses a
lower number of breaks. The smoothing effect is con-
trolled by the breaks.

dently of data points or as a subset of data points.

Breaks are selected indepen-

Details about the fitting spline can be found in Hans
(1998).
Let the original thermal image be quantified into
L gray levels. Position of each control knot in the gray
level histogram can be written as: P; = (x;,y;),1 =
0,1,2,--- ,L-1. Position vector C(u) can be deter-
mined by the L control points:
L—1
C(u) = > P;N;3(u), (17)
i=0
where 0 < u < 1. The vector equation in Eq. (17)

can be rewritten into two parameter equations about

position as follows:

L-1

x(u) = Z 21 Ni 3 (w), (18)
P

y(u) = Z YeNi3(u). (19)
i=0

Curvature of each control point in B-Spline his-

togram can be obtained by:

20y (1) ~ y' (2" ()
@@+ O

where Cur(t) is the curvature at each control point in

Cur(t) = (20)

Bezier histogram; /() and y'(t) are the first deriva-

tives; x”(t) and 3" (t) are the second derivatives.

4. Threshold segmentation by the CWT and
the B-Spline histogram

4.1 Region of interest extraction

In order to reduce the computation burden and
accurately extract the region of interest (ROI) which
includes main body of the TC, it is necessary to dis-
card some small unrelated cloud masses from the TC

cloud image. The B-Spline curve is used to complete
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the task. It is used to smooth the gray histogram of the
pre-processed TC cloud image in order to reduce the
unwanted oscillations in the original histogram of the
pre-processed TC cloud image. Thus, the B-Spline his-
togram can be obtained. According to Section 3, the
curvature curve of the B-Spline histogram can also be
obtained. Peaks of the curvature curve correspond to
valleys of the B-Spline histogram. The gray-level val-
ues on the valleys of the B-Spline histogram are consid-
ered as segmentation thresholds for the pre-processed
TC cloud image. A proper threshold has to be se-
lected to segment the pre-processed TC cloud image
and discard the small unrelated cloud masses. In gen-
eral, brightness of the main body of the TC is greater
than other unrelated cloud masses in the infrared TC
cloud image.

Let t1,to,---

according to the above method. So we choose the bi-

,t.m be the segmentation thresholds

nary threshold as follows:

T. =t,, i =int[n - m], (21)
where 0 < 1 < 1 is a constant used to control the
binary threshold to obtain a good binary image. In
general, the main body of the TC is brighter than
other cloud masses in a TC cloud image. Therefore,
we set 7 = 0.65 here to obtain a good binary image.
In order to accurately extract the ROI, which con-
tains the main body of TC, color labeling is imple-
mented to the binary image. In general, the main body
of TC should have a bigger area and radian than other
cloud masses in the satellite cloud image. Therefore,

an overall criterion is given as follows:

J; = BT - A%, (22)
47TB1'
Ai=— (23)

where Z;, B;, and A; respectively show the perimeter,
area, and radian of the ith region in the binary image
of ROIL; ¢ = 1,2,--- , k shows the number of regions
in the binary image of ROI; 7 and £ are used to con-
trol the importance of area and radian in the overall
criterion. From lots of experiments, we find that seg-

mentation results are satisfying when 7 =2 and £ = 1.
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4.2 Segmentation for ROI

Recently, wavelet transform has become a strong
analysis tool in the field of signal processing. Wavelet
transform can be classified into two categories: contin-
uous wavelet transform (CWT) and discrete wavelet
transform (DWT). The DWT is frequently used be-
cause it can be constructed by digital filters. Espe-
cially, the DWT can construct orthogonal wavelet ba-
sis function and has lots of generalized forms. There-
fore, the DWT is widely used in code and data com-
pression. Now, most methods based on wavelet trans-
form to detect the singularity of the signal are us-
ing discrete orthogonal wavelet transform or spline
wavelet. The methods are based on modular maxi-
mum values and zero cross points. Although lots of
methods have been proposed to detect the singularity
of the signal, their common disadvantage is that the
ability to detect faint signal is weak. This is deter-
mined by DWT inherent properties. In comparison,
the CWT has a bigger advantage than that of DWT
in this respect. In this paper, we will use CWT to
detect peaks location of the B-Spline histogram of the
pre-processed typhoon cloud image so as to well seg-
ment the ROI.

The curvature curve of the B-Spline histogram
can be obtained by the method described in Section
3. Its peak corresponds to valley in the B-Spline his-
togram. If it is used directly to determine the segmen-
tation threshold, it will result in worse segmentation
because it can only reflect the approximate changes at
each control point in the B-Spline histogram. The cur-
vature curve of the B-Spline histogram is decomposed
by one-dimensional CWT to accurately segment the
TC cloud image. Approximate signal and detail signal
can be obtained after decomposition. We will focus on
detail signal because it reflects the tiny change at each
control point in the B-Spline histogram. Once gray
levels, which correspond to peaks, are determined by
detail signal at all scales, segmentation threshold can
be determined. Gray levels which correspond to val-
leys between adjacent peaks are considered as quantity
gray levels.

We use the method in Zhang et al. (2007a) to
obtain a series of dualities (77,Q3), s = 1,2,---,5;
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and j =0,1,2,--- , N*; where T and Q; respectively
show the segmentation threshold and quantity gray
level corresponding to the peak j at the scale s. Let
Xmin and X a5 be the minimum and maximum of gray
levels in the original image. X (7, ) shows the gray-
level value at the location (Z,7) in the original image,
and Y (,7) indicates the gray-level value at the loca-
tion (4,7) in the segmented image. We can segment

the thermal image by:

Xmin7 Xmin < X(Zv.j) < T0€7
Q17 jﬂ’()S gX(Zv.]) ngs’

Y (i,j) = (24)

Xmaxs TR < X (4, §) < Xmax-

In general, the segmentation result will be closer
to the original image when the number of selected
thresholds is large. However, this is not what was ex-
pected because the segmented result should be more
compact so that the subsequent high-level image anal-
ysis can be executed efficiently. On the other hand, if
the number of selected thresholds is not sufficient, this
will result in under-segmentation, and some important
features or objects will merge with the background or
other irrelevant objects. Therefore, a compromise is
needed to solve the above two extreme cases. Here,
we propose a cost criterion by combining Jung crite-
rion (Chang et al., 1997) with structure similarity of
image (Wang et al., 2004):

Cost=X-ve+(1—\)-Nr-S, (25)
where
R C ‘ o
Zl -21 | X (i,7) =Y (4,5) |
_ i=ls=
o= — , (26)
_ Sxy
5= Sx - Sy’
R . .
2 Zl[X(w) tx ] [Y (0, 5) — py ]
_ i=1j=
Sxy = e , o (27)
R C o
> | X6, 5) — px |
g, _ i=Li=l
X RC 9
R C o
Zﬁl 2 1Y (0]) = py |
gy = St (28)

R-C ’
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where Cost is cost function; e is segmentation error;
R and C' are the height and width of original image.
1, and p, respectively show the mean value of X and
Y. N7 is the number of segmentation thresholds; A is
weight factor (0 < A < 1), which is used to adjust the
importance ratio of both factors above. Based on the
above cost criterion, the optimal segmentation scale is
the one that results in the lowest cost. According to
Zhang et al. (2007a), the segmentation is good when
A = 0.55.

4.3 Post-processing of the segmented cloud
image

Some undesired small cloud masses will affect the
center location or cloud tracking when only the CWT-

segmentation method is used to segment the TC cloud
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image. Therefore, we have to get rid of them. We
employ the method in Section 4.1 to obtain multi-
thresholds for post-processing of the segmented TC
cloud image. Let {(51, 0o, v+ ,5m} be the segmentation
thresholds according to the method in Section 4.1. So
we choose the binary threshold as follows:

b = 6;, i =1int[p-m], (29)
where 0 < p < 1 is a constant used to control the
binary threshold to obtain a good binary image. In
general, the main body of the TC is brighter than
other cloud masses in a TC cloud image. Therefore,
we set p according to Table 1 to obtain a good binary

image.

Table 1. p values in different contrast types of TC cloud images

Contrast type

GGLD PD MD

MDS MBS MB PB

p 0.65 0.70 0.75

0.80 0.80 0.85 0.90

Note: GGLD (good gray-level distribution), PD (particular dark), MD (medium dark), MDS (medium dark slightly), MBS
(medium bright slightly), MB (medium bright), and PB (particular bright) respectively show seven contrast types of the original

TC cloud image.

The seven types of contrast in Table 1 were given
in Zhang et al. (2007b). The binary image is labeled
using the 8-neighbour method. According to Eq. (22),
the main body of the TC cloud image (MBOTCCI) is
selected from the labeled image. The final segmented
image can be obtained by replacing the pixels in the
MBOTCCI with the gray-level values of the original
TC cloud image.

5. Experimental results

Lots of experiments have been done to verify the
proposed approach. Here only seven segmentation ex-
amples are given. The size of the experimental TC
cloud image is 512x512. We select morlet wavelet
as mother wavelet in the experiments. The original
TC image is decomposed into seven levels by the one-
dimensional CWT. Figure 1 shows evolution curves
of the GA and the incomplete Beta transform (a =
1.9983, b = 3.0013), where a and b are respectively
1b. Figure
1b is used to enhance the global contrast in Fig. 2a.
According to Zhang et al. (2007b), we know that the

used to control the curve shape of Fig.

type of contrast in Fig. 2a is “MDS”. Therefore p
is set as 0.8 in Eq. (29). Figure 2 shows the NOAA-
11 cloud image of hurricane ANDREW that occured
on 25 August 1992, in comparison with a directly en-
hanced image (only based on the method of Zhang
et al. (2007a)) and a final enhanced one. From Fig.
2b, we can see that the global contrast of the original
typhoon cloud image is well enhanced. According to
Fig. 2c, the global and local contrast of the original
typhoon cloud image are well enhanced.

Figure 3 shows the histogram of final enhanced ty-
phoon cloud image and its B-Spline histogram. From
Fig. 3b, we can see that the oscillations in the his-
togram of the final enhanced typhoon cloud image has
been greatly reduced.

Figures 4a-d show the extraction procedure of the
ROL. Figure 4a is a binary image obtained using the
method in Section 4.1. Figure 4b represents the la-
beled image. Figure 4c shows the region whose area
is the biggest in Fig. 4b. Figure 4d is the ROI which
is obtained by replacing Fig. 4c with the original ty-
phoon cloud image. From Fig. 4, we can see that most

of small unrelated cloud masses are reduced and the
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Fig. 1. Evolution curves of the genetic algorithm (a) and the incomplete Beta transform (b).

Fig. 2. Cloud images of Hurricane ANDREW (1992) (a), directly enhanced one (b), and final enhanced one (c).
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Fig. 3. Histogram of final enhanced cloud image (a) and its B-Spline histogram (b).

main body of the typhoon is segmented from the orig-
inal typhoon cloud image.

Figure 5 shows the histogram of ROI and its cur-
vature curve. From Fig. 5, we can see that there are
many undesired peaks in Fig. 5b, which will result in

a bad segmentation for the typhoon cloud image. Fig-

ure 6 shows the B-Splines histogram of ROI and its
curvature curve. From Fig. 6b, we can see that many
undesired peaks have been reduced, which results
in a good segmentation for the typhoon cloud
image.

In order to accurately detect the locations of
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Fig. 4. ROI extraction procedure.
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Fig. 5. Histogram of ROI (a)

peaks and valleys in the curvature curve, the one-
dimensional CWT is used to analyze the curvature
curve at different scales. Figures 7a-f show the con-

tinuous wavelet coefficients of the curvature of the B-

50
(b)
40 t 1
30 ]
20 ]
10 ]
; L]

—10 t J

-20 ¢ J

=30t J

_40 1 1 1 1 1
0 50 100 150 200 250

and its curvature curve (b).

Spline histogram in Fig. 6b. From Fig. 7, it can be
seen that fewer and fewer peaks and valleys appear
with the scale increasing.

According to Figs. 6 and 7, the gray-level value
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corresponding to peaks of the curvature curve is se- Table 2. Peak positions at all scales
lected as the segmentation threshold. The gray-level Scalle 6 Scalle 5 Scalle 4 Scalle 3 Scalle 2 Scalle 1
value corresponding to valleys of the curvature curve 30 15 15 12 12 9
is selected as the quantity gray-level value. We can 44 30 30 15 15 12
. _. . 57 44 44 22 22 15
obtain a group of positions of peaks in Table 2. Ac- 85 57 57 30 30 17
cording to the values, we can segment the main body 114 70 70 44 38 20
129 85 85 52 44 22
of the typhoon cloud from the whole typhoon cloud 143 93 93 57 52 25
image. 157 114 100 65 57 28
166 129 114 70 65 30
Figures 8a-f respectively represent segmentation 194 143 129 85 70 33
: : 210 157 143 93 78 36
results at different scales. The difference between the 597 166 157 100 g5 a8
original cloud image and the segmented cloud image 255 194 166 114 93 41
. : . 203 185 129 100 44
is very small when the segmentation scale is small. 210 194 138 114 16
This belongs to under-segmentation, and it is obvi- 227 203 143 129 49
. . . . 255 210 157 138 52
ous in Fig. 8a. The difference becomes bigger when 219 166 143 £
the segmentation scale is increased. This will result 227 172 149 57
in over-segmentation if the segmentation is too bi 238 185 157 60
8 & & 255 194 162 62
Some important information has been lost. For ex- 203 166 65
210 172 70
ample, the structure of the center dense cloud re- 219 185 78
gion of the typhoon cloud series is merged into the 227 191 85
. . 194
other cloud masses. We only give 6 segmentation gig 230 19030
images at 6 scales because Scale 7 is the same as 255 203 106
Scal 210 114
cale 6. 214 122
We use Eq. (25) to determine the optimal seg- 219 129
. . . 222 138
mentation scale. The segmentation cost at different 927 143
scales is 87.9342, 53.1437, 39.2605, 29.5429, 24.0478, 233 149
. . 238 154
18.4935, and 18.4935, respectively. Figure 9 shows the 243 157
segmentation cost curve at different scales. From Fig. 249 162
255 166
9, we find that the segmentation cost will not decrease 172
after Scale 6. Therefore, we select Scale 6 or Scale 7 };g
as the optimal segmentation scale. 191
We use the method in Section 4.3 to post-process igg
the optimally segmented image (Fig. 8f). Figure 10 200
shows histogram and B-Splines histogram of the opti- ggg
mally segmented image. 210
Figure 11a shows a binary image obtained by the gi‘;
method in Section 4.1. Figure 11b shows the labeled 219
image using the eight-neighbor method. Figure 1lc ;g?
represents the binary image of the TC, which is ob- 230
tained by the method in Section 4.3. Figure 11d is the ggg
final segmentation image. In order to show the effi- 238
ciency of our algorithm, we compared our algorithm gié
with the Qi method (Qi et al., 2000) and the Olivo 246
method (Olivo, 1994). Figures 1le and 11f respec- ;g?

tively represent the segmentation results by the Qi 255
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Fig. 7. CWT coefficients of the B-Spline curvature curve at Scales 1 (a), 2 (b), 3 (c), 4 (d), 5 (e), and 6 (f).

method and the Olivo method. It is obvious that the
Qi method results in over-segmentation. The Olivo
method can segment most cloud series of the typhoon;
however, there are some undesired small cloud masses
in the segmented cloud image. Compared with the Qi
and the Olivo methods, the main body of the typhoon
cloud can be well segmented from the typhoon cloud
image. From Fig. 11d, it is obvious that the main
body of the typhoon has been well segmented from
the original typhoon cloud image.

We give six other TC cloud images to verify the
efficiency of the proposed algorithm, i.e., Fig. 12a

(typhoon SEPAT (0709), 07-08-17-16-IR2, MASAT),

Fig. 13a (07-08-18-02-IR2, MASAT), Fig. 14a (07-
08-18-14-IR2, MASAT), Fig. 15a (07-08-19-02-IR2,
MASAT), Fig. 16a (07-08-19-12-TR2, MASAT), and
Fig. 17a (07-08-15-00-IR2, MASAT). Figures 12-17
show respectively the segmentation results of six above
TC cloud images. From Figs. 12-17, we can see that
both eyed TC (Figs. 12-14) and non-eyed TC (Figs.
15-17) can be efficiently segmented from the satellite
cloud image. The segmented TC is complete and can
be used to locate the center of the TC or trace the
cloud masses of the T'C. The segmented TC is either
under-segmentation or over-segmentation. Compared
with the Qi method and the Olivo method, the overall
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Fig. 8. Segmentation results at different scales from Scales 1 (a) to 6 (f).
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Fig. 10. Histogram (a) and B-Spline histogram (b) of the optimally segmented image.
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Fig. 12. Segmentation results for TC (07-08-17-16-IR2).
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Fig. 14. Segmentation results for TC (07-08-18-14-IR2).
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Fig. 16. Segmentation results for TC (07-08-19-12-IR2).
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performance of the proposed method is the best.

In order to verify the efficiency of the pro-
posed method, we examined 200 TC cloud images
(120 eyed TC cloud images (typhoon) and 80 non-
The 200 TC cloud im-
ages are all infrared satellite images, which are ob-
tained by the MTSAT satellite. They include 55 IR1
TC cloud images (07-08-17-00-IR1-07-08-18-21-IR1,
07-08-19-01-IR1-07-08-19-09-IR1), 105 IR2 TC cloud
images (07-08-15-00-IR2- 07-08-18-22-IR2, 07-08-19-
02-TR2-07-08-19-12-IR2), and 40 IR4 TC cloud im-
ages (07-08-17-00-IR4-07-08-17-22-IR4, 07-08-18-02-
IR4-07-08-18-18-IR4). Tables 3 and 4 respectively list

eyed TC cloud images).

VOL.24

the segmentation performance comparison for eyed
TCs and non-eyed TCs. According to Tables 3 and
4, we can see that the proposed method has a good
segmentation result for eyed TCs. The segmenta-
tion results for non-eyed TC cloud images are worse
than eyed TC cloud images. This is because eyed
TC cloud images have a good helical structure and
a clear eye. Compared with two other similar meth-
ods, the proposed method can efficiently segment
the main body of TC from the satellite cloud im-
age. The accurate segmentation rate of the pro-
posed method is better than the Qi method and the

Olivo method.

Fig. 17. Segmentation results for TC (07-08-15-00-IR2).

Table 3. Segmentation performance for eyed TCs

Segmentation method Number of samples

Number of accurate

Number of wrong Accurate segmentation

of eyed TCs segmentation segmentation rate
New method 120 5 95.83%
Qi method 120 47 60.83%
Olivo method 120 43 64.17%

Table 4. Segmentation performance for non-eyed TCs

Segmentation Number of samples Number of accurate Number of wrong Accurate
method of non-eyed TCs segmentation segmentation segmentation rate

New method 80 72 8 88.57%

Qi method 80 38 42 47.50%

Olivo method 80 33 47 41.25%
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6. Conclusion

In this paper, we proposed an efficient method to
segment TC cloud image by the B-Spline histogram
and multi-scale transforms. The oscillations are re-
strained by B-Spline smoothness. The experimental
results show that the new method can efficiently seg-
ment TC cloud masses from satellite cloud images.
The new method is better than the Olivo method
and the Qi method. The Qi method proposed an
approach to segment man-made targets based on the
curvature of the Bezier histogram. The approach costs
less computation time, but, the segmentation result is
worse. Some important features or objects will merge
with the background or other irrelevant objects. The
Olivo method also proposed a segmentation approach
based on the dyadic wavelet transform. The approach
uses the zero crossing of wavelet signal to determine
the segmentation mode. The start, peak, and end
positions of modes are adjusted simultaneously by
The adjusted
modes at the last and the next levels are used to ad-

a “coarse-to-fine” adjustment mode.

just the modes at the current level. Compared with
our approach, the Olivo method is very trivial to im-
plement. In the future, we will investigate a method
for segmenting TC cloud images by combining tex-
ture, direction information of TC with gray level of
the TC cloud image.
Acknowledgements. The National Satellite
Meteorological Center of China Meteorological Ad-
ministration is acknowledged for providing all the

typhoon cloud images in this article.

REFERENCES

Baraldi, A., and F. Parmiggiani, 1998: Contextual clus-
tering for satellite image segmentation. Proceedings
of the IEEE International Geoscience and Remote
Sensing Symposium, Part 5, Seattle, WA, USA,
2041-2043.

Chang, J. S., H. Y. Mark Liao, and M. K. Hor, 1997:
New automatic multi-level thresholding technique
for segmentation of thermal images. Image and Vi-
sion Computing, 15, 23-34.

Chehdi, K., and Q. Liao, 1993: Satellite image segmen-

tation using edge-region cooperation. IEEE Pacific

Rim Conference on Communications, Computers
and Signal Processing, Victoria, BC, Canada, 47-50.

Hans, B. N.,; 1998: Cubic Splines. IMM department
of mathematical modeling, Technical University of
Denmark.

Intajag, S., K. Paithoonwatanakij, and A. P. Crack-
nell, 2006: Iterative satellite image segmentation
by fuzzy hit-or-miss and homogeneity index. IEEE
Proceedings—Vision, Image and Signal Processing,

153, 206-214.
Jean, L. S., J. C. Emmanunel, and L. D. David, 2002:

The curvelet transform for image de-noising. IEEFE

Trans. on Image Processing, 11, 670-684.

Liu Kai, Huang Feng, and Luo Jian, 2001: The study
on the method of typhoon satellite image segmenta-
tion. Micro-Computer Development, (1), 54-55. (in
Chinese)

—, —, and Kou Zheng, 2004:

method of typhoon cloud images based on texture

The segmentation

and region features. Computer Engineering and Ap-
plication, (33), 219-220. (in Chinese)

Liu Zhengguang, Lin Kongyuan, Guo Aimin, et al., 1997:
Extracting morphological features of satellite im-
ages. Computer Research and Development, 34(9),
689-693. (in Chinese)

Long Gang, Xiao Lei, and Chen Xuequan, 2005:
Overview of the applications of curvelet transform
in image processing. Computer Research and Devel-
opment, 42(8), 1331-1337. (in Chinese)

Lopez, O. E., D. F. Laporterie, and G. Flouzat, 2004:
Satellite image segmentation using graph represen-
tation and morphological processing. Proceedings
of the International Society for Optical Engineering,
Bellingham, WA, 104-113.

Neagoe, V., and I. Fratila, 1999: A neural segmentation
of multispectral satellite images. 6th Fuzzy Days.
Proceedings of International Conference of Com-
putational Intelligence, Theory and Applications,
Dortmund, Germany, 334-341.

Olivo, J. C., 1994: Automatic threshold selection using
wavelet transform. Graphical Models and Image

Processing, 56, 205—-218.
Ooi, W. S., and C. P. Lim, 2006: Fuzzy clustering of

color and texture features for image segmentation:
a study on satellite image retrieval. Journal of In-

telligent & Fuzzy System, 17, 297-311.
Qi, H., W. E. Snyder, D. Marchetle, 2000: An efficient

approach to segment man-made targets from un-
manned aerial vehicle imagery. Optical Engineering,
39, 1267-1274.



94 ACTA METEOROLOGICA SINICA

Rekik, A., M. Zribi, M. Benjelloun, et al., 2006: A
k-means clustering algorithm initialization for un-
supervised statistical satellite image segmentation.
First IEEE International Conference on e-Learning
in Industrial Electronics, Hammamet, Tunisia, 6.

Shan, L., M. Berthod, and G. Giraudon, 1993: Satellite
image segmentation using textural information, con-
textual information and map knowledge. Interna-
tional Conference on Systems, Man and Cybernetics.
Systems Engineering in the Service of Humans, Le
Touquet, France, 355-360.

Shi, C. X., R. Z. Wu, and X. K. Xijan, 2001: Automatic
segmentation of satellite images using hierarchical
threshold and neural network. Quarterly Journal of
Applied Meteorology, 12, 70-T78.

Sun Jiaguang, 1998: Computer Graphics. Tsinghua Uni-
versity Press. Beijing, 595 pp. (in Chinese)

Tateyama, T., Y. W. Chen, X. Y. Zeng, and H.
Tamashiro, 2002: A color, texture and shape fu-
sion technique for segmentation of high-resolution
satellite images. Knowledge-Based Intelligent Infor-
mation Engineering Systems and Allied Technolo-
gies. Podere d’Ombriano, Crema, Italy, 1167-1171.

——, Z. Nakao, X. Y. Zeng, and Y. W. Chen, 2004:
Segmentation of high resolution satellite images by

Fourth Inter-
national Conference on Hybrid Intelligent Systems,
Kitakyushu, Japan, 482-487.

Thitimajshima, P., 2000: New modified fuzzy c-means

direction and morphological filters.

algorithm for multispectral satellite images segmen-
tation. International Geoscience and Remote Sens-
ing Symposium, Honolulu, HI, USA, 1684-168.
Vannoorenberghe, P., and G. Flouzat, 2006: A belief-
based pixel labelling strategy for medical and satel-

lite image segmentation. IEEE International Con-

VOL.24

ference on Fuzzy Systems, Vancouver, BC, Canada,
1093-1098.

Waldemark, K., T. Lindblad, V. Becanovic, and J. L. L.
Guillen, 2000: Klinger, P. L. patterns from the sky
satellite image analysis using pulse coupled neural
networks for pre-processing, segmentation and edge
detection. Pattern Recognition Letters, 21, 227-237.

Wang, P., J. T. Xue, Z. G. Liu, H. Z. Lia, et al., 2001:
Self-adaptive segmentation for infrared satellite
cloud image. Proceedings of the SPIE-The Inter-
national Society for Optical Engineering, Wuhan,
China, 388-393.

Wang, Z., A. C Bovik, H. R., Sheikth, et al., 2004: Im-
age quality assessement: from error measurement to
structure similarity. IEEE Transactions on Image
Processing, 13, 600-612.

Xue Juntao, Liu Zhengguang, and Wang Ping, 2006:
Multiple value self-adapt segmentation of infrared
satellite cloud image. Chinese Journal of Scientific
Instrument, 27(suppl.), 2166-2167. (in Chinese)

Ye, Z. G., J. C. Luo, C. P. Bhatta, et al., 2006: Segmen-
tation of aerial images and satellite images using
unsupervised nonlinear approach. WSEAS Trans-
actions on Systems, 5, 333-339.

Zhang, C. J., Duanmu C. J., and Chen H. Y., 2007a:
Typhoon image segmentation by combining curvelet
transform and continuous wavelet transform. In-
ternational Conference on Wavelet Analysis and
Pattern Recognition, Beijing, China, 1512-1517.

—, X. D. Wang, H. R. Zhang, et al., 2007b: An anti-
noise algorithm for enhancing global and local con-
trast for infrared image. International Journal of
Wavelet, Multi-Resolution and Information Process-
ing, 5, 101-112.



