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A coastline detection method using SAR images based on the local
statistical active contour model
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Abstract: A coastline detection method using synthetic aperture radar (SAR)images based on local statistical active contour
model has been proposed in this paper. The method incorporates the local statistical active contour model to detect the coastline
in SAR images. In order to remove the limitation of a rigid initial contour being requested in the local statistical active contour
model, this method firstly utilizes a C-V model to gain an approximate segmentation. Thereafter, a local statistical active contour
model based on G° distribution is proposed to achieve the accurate segmentation results. The new model adopted G° distribution
to fit each neighborhood along the contour, enhancing the fitting ability for SAR images and improving the detection accuracy of

the coastline. Through combining a penalizing term of level set function, the model eliminates the need of re-initialization proce-
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dure. The experiments of real SAR images demonstrate the proposed method has accurate coastline detection ability.
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1 INTRODUCTION

Detecting the coastline is of fundamental importance when
monitoring various natural phenomena such as tides, coastline ero-
sion and the dynamics of glaciers. Meanwhile it is also an impor-
tant component of the ship detection system for shoreline synthetic
aperture radar (SAR) images (Cerimele, et al., 2009). However, the
coastline always contains signals both from the water and the land
region, and in addition, SAR images are polluted by a strong multi-
plicative speckle noise because of the coherent imaging principle of
the SAR system. Therefore, to detect the coastline from SAR imag-
es is very challenging. More specifically, the detection of coastline
from SAR images is an image segmentation issue. In recent years,
active contour models become widely used in the domain of image
segmentation. It is actually a model which based on Variational
approach and Partial Difference Equations (PDEs). The basic idea
is (He, et al., 2009) to regard the target bound as a contour, and al-
low the contour to deform at the guide of a given energy functional
so as to approach the target bound. It will not stop until the energy
functional has a minimize value, and at this moment the contour
represents the target boundary.

The active contour model can be classified into two main cat-
egories: edge-based and region-based. In edge-based model the
contour evolves utilizing the local gradient and will stop at a local
region with a relatively larger gradient value. The region-based
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model, on the other hand, utilizes the statistics of a specific region
and the optimization process is actually to find the best match de-
gree between the statistical model and the segmentation region. The
edge-based model has local coherence and robustness in inhomoge-
neous regions. However, it is sensitive to the noise and the contour
initialization and it may result in “leaks” when dealing with smooth
region edges. In comparison, the region-based model is robust
to contour initialization and is not that sensitive to image noises.
However, it uses global statistics in the process of model and is not
always perform well when dealing with the segmentation problems
in inhomogeneous regions. It is mainly because that segmentation
models often relay on global criteria, whereas images are almost
based on local variations (e.g., intensity, contrast, noise) (Piovano
& Papadopoulo, 2008).

To the question of the above two imperfect models, Piovano
and Papadopoulo(2008), Brox, ef al.(2007) and Mory, et al.(2007)
come up with a new kind of segmentation model which based on
local statistics. This model computes the statistics of the neighbor-
hood regions of each point along the contour. In this way, the con-
tour deforms to find the optimize match degree in each local region.
Through the adjustments of the parameters of the neighborhood
regions, this model has some interesting characteristics: when the
parameter value is large, this model is similar to the region-based
model, while when the parameter value is small, the model will be
similar to the edge-based model. Therefore, this model combines
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both advantages of the two above models and greatly enhances its
segmentation ability. Owning to the Gaussian distribution which is
not suitable for SAR images, it requests rigid contour initialization.

It has been demonstrated through theory analysis and numerous
field data that the G° distribution has reliable ability for the model
of SAR images. A coastline detection method based on local statis-
tical active contour model utilizing G’ distribution for SAR images
is proposed in this paper. In order to remove the limitation that a
rigid initial contour being requested in the local statistical active
contour model, this method firstly utilizes a C-V model (Chan &
Vese, 2001) to gain an approximate segmentation. Then, it regards
the approximate segmentation as the initialization of the local sta-
tistical active contour model and to acquire the final results.

2 IMPROVED LOCAL STATISTICAL ACTIVE
CONTOUR MODEL

2.1 Classical statistical of active contour model

Let Q < R’ denotes the image plane, 7:Q — R is the image
function based on definition domain of Q, and the image segmenta-
tion issue is to find L optimal region partitions R(Q)={Q, | .
and in each sub-region Q; the image function / is uniform according
to some attributions of the images. From the view of statistic, the
optimal partitions R(2) can be gained through the maximum a pos-
teriori (MAP) PDFp(R(Q)|/) (Zhu &Yuille,1996; Cremers, et al.,
2007). Maximization of the a posteriori probability is equivalent to
minimizing its negative logarithm. Therefore, the image segmenta-
tion issue can be expressed as follows:

E({0n0,)=-2 [ logp ) dv+u|Cl (1)

Eq. (1) is a general expression of the statistical active contour
model. Where |C| = J.Cds denotes the length of partition bound-
ary, 4 is a positive weighting parameter. Statistical active contour
model is based on Bayesian theory and the basic idea is using the
maximizing a posteriori probability of the region partition to find
the optimal segmentation. The performance of the statistical active
contour model is evaluated by the match degree between the image
data and the statistical distribution. The higher of the match degree,
the better performance of the method is. Because of influence of
the speckle noises, SAR images can not be modeled by Gaussian
distribution directly. It will result in errors if implement the statisti-
cal active contour model adopting Gaussian distribution in SAR
images (He, et al., 2009). Previous research indicate that the G°
distribution has reliable ability for the model of SAR multi-look
images in a widely heterogeneity. It has many advantages, such as
the easier estimation of the parameters and lower computational
complexity. In this paper we adopt G° distribution as the statistical
model for SAR images. However, the expression of G’ distribution
is very complex and it is not possible to obtain both the mean and
variance of its components in closed form when using the high ac-
curate maximum likehood estimation (MLE). In order to improve
the computation efficiency, in practice, using Moment Estimation
to estimate the parameters is preferred.
The expression of G° distribution for SAR intensity image is
p|a,p)=G"(a,yn)
B n'T(n—o)I""
y T (e )y +nl)"™

-a,y,nl>0 (2)

where [ is the intensity image, » is the number of looks which can
be obtained by the priori of SAR images. a is the shape param-
eter, 7 is the scale parameter, which needs to be estimated, namely
0=la, 71"
Using the Moment Estimation, we can reform the estimation
expressions of o and y are
ni
ni—(n+1)@
) 7= a1 “)
where £ and 7 are the sample mean and the sample square mean

a=-

©)

respectively.

2.2 Improved model

In the issue of coastline detection, the local statistics around the
coastline are important factors. With the classical statistical active
contour model utilizes the global statistics of partitions (Fig.1(a)),
it leads to “over-segmentation” and the low accuracy.

() (b)
Fig.1 The global active contour model and the local active contour model
(a) the global active contour model: inside the red contour line is the interior,
outside is the exterior; (b) the local statistical active contour model: for every
point along the contour, calculate statistics of the neighborhood regions (the
small circle), the red parts of the small circles are the local interiors and the
blue parts of the small circle are the local exteriors

In order to obtain the local statistics of each point along the con-
tour (Lankton & Tannenbaum, 2008), we introduce a characteristic
function in terms of a radius parameter r:

B(x,y)= 5
() {0, otherwise )
where x, y are spatial variables, represent for the image pixel. x

1, ||x—y|| <r

represents an point in the contour C. B(x, y) masks the local regions
which have the shape of a ball centered at x with a radius of r.
Introduce a Lipschitz constant function ¢ : Q — R (called level
set function),
o(x)>0, xeQ,
p()<0, xeQ, ©)
¢p(x)=0, xeC
This function, Q,,, Q,, represent the interior and exterior re-
gions of contour C, respectively. Through combination of a penaliz-
ing term of level set function, the model eliminates the need of the
time-consuming re-initialization procedure (Li, et al., 2005). Con-
sider two regions’ segmentation, we now define an energy function
of the proposed local statistical active contour model based on G
distribution as follows:

E@) =], 8@0N], By

—H, (p(»)Nog pU(») | &y, ) —
[1-H, (¢(»))]log pU(»)| G15- 712)

uf,, IVH, @) |dv+o] %(\ V()| -1ydx (7

dydx +
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In the function, the last term is the penalizing term, /7, (¢) is the
Heaviside function:

L, p(x)<-¢
H,(¢(x)) =10, #(x)>e ®)
{1 +£arctan(£)} otherwise
b3 ell’

where 0,(4) = H, (9), Q, denotes the points set along the contour,
6,(¢(x)) ensures the energy function operating only on a local nar-
row band around the contour. Q, represents B(x, y) neighborhood.
It shows that in local statistical active contour model the energy
function only calculates statistics of each B(x, y) neighborhood
along the contour. &,,, 7;, are local estimation parameters based
on interior of B(x, y) neighborhood, &,,, 7,, are local estimation
parameters based on exterior of B(x, y) neighborhood. They all can
be obtained by equation (3) and (4). And the sample mean and the
sample square mean based on local statistics are as follows:

[, BCIOIH, $()dy
[, BOSH, ()
[, BaIWN-H, GOy
B B I H GOy
[, B 0)H, G()dy
[, Be)H ($(r)dy

.ﬁLl =

(€)
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[, B ()1~ H, @)y
[, B =H, GOy

L2
Using variational and steepest decent methods, the evolving

equation of the level set function of the proposed local statistical
active contour model based on G° distribution is as follows:

% =5, @), Bly)x 8 ()
(—10817(1()’) | dua ?;u)"'l(’gp([(J’) I sz’ j}Lz))dy"'
(Ve ) (Vo) )
”‘Wmdw[\ Vo) J V[dw[| Vo) J A } 1o

where we can see that the global statistical active contour model

uses the global statistics of region to find the optimum matching
degree with the given statistical distribution and whereas the lo-
cal statistical active contour model uses local statistics of each
neighborhood of each point along the contour to find the optimum
matching degree. The segmentation result is obtained when each
point on the contour has moved, in which the local interior and
exterior of each point along the contour are best approximated
by local statistical parameters , £, , f,,, /{,‘, and 1,,. In the coast-
line detection for SAR images, owing to the effect of the mixture
signals both from water, land and of continental shelf and reefs,
the global statistical active contour model often leads to “over-
segmentation” and has a local minimum. The proposed model in
this paper can implement statistical model in the regions which are
around the coastline and it is the reason for our model has a more
accurate detection capability.

2.3 Algorithm flow

Both land and water regions are included in the SAR images

used for coastline detection. Because of the mirror reflection of
the water surface, the water regions are relevant dark and the land
regions are relevant light in SAR images. This character is exactly
suitable for the C-V model which is actually equivalent to the
statistical active contour model which adopts Gaussian distribu-
tion with a fixed standard variance. Therefore, low precision of the
segmentation is acquired for SAR images. With the C-V model that
computes mean of the global region, the computational efficiency
has been improved, and it is not sensitive to the contour initializa-
tion. The proposed method firstly utilizes a C-V model to gain an
approximate segmentation. Then, it regards the approximate seg-
mentation as the initialization of the local statistical active contour
model and to gain the final result. In this way, we can avoid the
limitation of the sensitivity of the contour initialization in local
statistical active contour model. The idea that evolving using a big
step when far from the target and implementing a careful adjust-
ment when near can be found in various aspects of the automatic
control domain.

The particular flow of the proposed method is in Fig. 2.
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Fig. 2 The algorithm of the proposed method

Segmentation
result of C-V model

The main steps of the proposed method are listed below:

(1) Image preprocessing. For the coherence of the parameters,
normalize the original image to [0, 255].

(2) Segmentation using a C-V model. Utilize the C-V model to
obtain an approximate result which can be used as the contour ini-
tialization for the following accurate segmentation step.

(3) Set the size of B(x, y) neighborhood and compute the sample
mean and square mean using Eq. (9), compute the local parameters
Q,1, Vi1 Aya» 712 using Eq. (3) and (4).

(4) Update the level set function using Eq. (10), acquire final
results of the coastline detection in SAR images.

3 EXPERIMENTS AND ANALYSIS

In order to demonstrate the performance of the proposed
method, we implement experiments using real SAR images. Ex-
periments condition: CPU is Pentium(R) Dual 1.8 GHz, 2 G RAM
and the experiment software is matlab2008. Our method adopts
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the following parameters. The parameters of C-V are 1,=4,=1,
1=0.02x255%, A=0.1, e=1. The parameters of the proposed model
are: 4=0.2, v=2, &=1. Options of radius of the B(x, y) neighborhood
are 10, 15, and 20 pixels, respectively.

3.1 Performance of the proposed method

Fig.3 shows two Radarsat-2 SAR images of the seashore region
of Seoul (resolution of 8 m and 4 looks). Fig.3(a) is the contour
initialization. Fig.3(b) is the segmentation result of the C-V model
for 20 times. Using the result as the initialization of the proposed
model we can obtain the final segmentation result that shows in
Fig.3(d). Fig.3(c) is the segmentation result of local statistical ac-
tive contour model which uses Gaussian distribution. In compari-
son with the proposed method, it has lower accuracy.

For the first image in Fig. 3, we can see that large area of the

continental shelf shows high heterogeneity with many reefs. In this
case, the classical global active contour model is not possible to ob-
tain an accurate segmentation and will lead to “over-segmentation”,
However, the proposed method can still achieve a perfect segmen-
tation result. This feature is especially useful when considering the
second image, in which apart from the heterogeneous land region
and the farraginous coastline, lands and water regions are mixed.
Fig.4 is a single look airborne SAR image which is obtained
in SanYa China with a resolution of 1 m. Because this is an air-
borne SAR image, which has a high resolution, the complicate sea
conditions request a high precision fitting ability for the statistical
distribution. The comparison between Fig.4(c) and Fig.4(d) shows
that Gaussian distribution fall short of ability for the model of SAR

image data and the adoption of G° distribution in this paper has a

strong capability for data fitting in the sea conditions.

(@) (b)

(c) (d)

Fig. 3 Coastline detection of the real Radarsat-2 SAR images

(@) (b)

(c) (d)

Fig.4 Coastline detection of the airborne SAR images
(a) the contour initialization; (b) the segmentation result of the C-V model for 40 times; (c) the segmentation
result of the classical statistical active contour model using the Gaussian distribution; (d) the segmentation
result of the proposed method



HUANG Kuihua, ef al.: A coastline detection method using SAR images based on the local statistical active contour model 741

3.2 Analysis of the sensitivity of initialization™

Fig.5 shows the experiment of the proposed method in the case
of different contour initializations. It can be seen that although the
contour initialization is different, the proposed method can still
detect the coastline accurately. It demonstrates the use of the C-V
model in the proposed method successfully removes the limita-
tion of requiring a rigid contour initialization in the local statistical
active contour model. But the problem of minimum value of the
proposed model will affect the contour initialization. It is mainly
because of the convex contribution of the energy function which

makes the model has local minimum values.

(b)

3.3 Quantitative evaluation of the proposed method

In order to evaluate the precision of the coastline detection of
the proposed method, we compare the segmentation result with
the field data in type of quantitative analysis. Here we gain the
quantitative evaluation through calculating two types of errors,
namely, False Positive Rate (FPR) and False Negative Rate (FNR)
(Margarida, et al., 2009). The field data is drawn manually through
visual inspection of SAR images. The FPR measures the rate of
pixels classified as water by the automatic detection method that is
not classified as such in the filed data, while the FNR measures the

rate of pixels classified as water in the field that are missed by auto-

Fig.5 Experiment of different initialization contours
(a) different initializations; (b) the middle segmentation result; (c) the final result

matic detection method. These two errors are calculated as follows:

_#(ACNGT)

FPR(AC,GT) = wGn an
_#(AC NGT)

FNR(AC,GT) = ~Gn a2

where AC denotes the segmentation results of the automatic detec-
tion method, GT denotes the filed data, and there are all binary
images leading all pixels inside the contour having label 1 and the
others label 0.

We select the second image in Fig.3 to implement the quantita-
tive evaluation method. In comparison with the classical active
contour model which uses Gaussian distribution, the results are
shown in Table 1. CE is the total classification error (CE). From the
results we can conclude the proposed method is more accurate.

Table 1 Quantitative evaluation results

Method FPR(%) FNR(%) CE(%)
Proposed 4.2 5.7 9.9
Classical 6.8 13.5 20.3

In addition, we adopt a measurement of the uniformity of seg-
mentation regions to further evaluate the performance of the pro-
posed method. According to the definition of image segmentation,
the interior of each region should be uniform after the segmentation
and there should be a great difference between different regions.
That is to say the uniformity degree of regions represents the qual-
ity of the segmentation. Therefore, we give the definition of the
measurement of segmentation performance as follows (Ross &
Mossing, 1999):
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I 1 ’
PP=1—EZ Z[[(x)—IZI(x)} (13)

i XeR; i XeR;

where R; denotes different segmentation regions, C is the normali-
zation constant, /(x) is the gray value of point x in the image, 4, is
the number of pixels in each region R,. The closer to 1 the value of
PP is, the more uniform the interior of the segmentation regions are
and the better the quality of the segmentation is. From the results
of Table 2, we can see that the values of PP are all close to 1 in
both Fig.3 and Fig.4, which show high precision of the proposed
method. From the values of PP in Fig.5 we can conclude that the
proposed method is robust to initialization contour.

Table 2 Performance of the proposed method

Image Fig.3 Fig.4
PP 0.977 0.981 0.962 0954 0933 0925

Fig.5 (up to down)

4 CONCLUSION

A coastline detection method for SAR images based on local
statistical active contour model which adopts G° distribution is
proposed in this paper, and achieves good performances in the de-
tection of coastline. In order to remove the limitation of requesting
a rigid contour initialization in the local statistical active contour
model, this method firstly utilizes a C-V model to gain an approxi-
mate segmentation. Then, it regards the approximate segmentation
as the initialization of the local statistical active contour model
and to gain the final results. With combining a penalizing term of
level set function, the model eliminates the need of re-initialization
procedure. The theory and the experiments of real SAR images
demonstrate the proposed method has accurate coastline detec-
tion ability, especially when comes to the problem of influences of
continental shelf and reefs in the shoreline regions. The proposed
method exhibits particular advantage. The main findings of the
proposed method are listed below: (1) Utilizing the C-V model,
the proposed method decreases the limitation of requesting a rigid
contour initialization in the local statistical active contour model
and speed up the segmentation. (2) The proposed local statistical
active contour model based on G° distribution makes full use of the
statistics of shoreline regions in SAR images, has accurate coastline
detection ability and eliminates the influence of continental shelf
and reefs. (3) In our model, we adopt G° distribution to represent
SAR data which improves the image data representation ability.

The future work of this paper is as follows: (1) Low efficiency
of local statistical active contour model is observed and therefore,
the efficiency of the proposed method is an emphasis in future
work. (2) In local statistical active contour model, the size of local
neighborhood region would affect the precision and efficiency of

the method. How to select a suitable size adaptively is also a task
which needs an in-depth study in future.
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