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ABSTRACT:

To achieve the optimal image segmentation, an energy segmentation method based on multiple features and blocks for high
resolution Synthetic Aperture Radar (SAR) image is proposed in this paper. First of all, a feature vector of pixel is formed with the
texture feature extracted by curvelet transform and means function, the boundary feature extracted by curvelet transform and Canny
Operator, and the original spectral feature; a feature set is formed by all feature vectors of pixels in the image. The feature vector is
considered as segmentation basis, and its domain is partitioned by regular tessellation. On the partitioned image domain, a label
variable is assigned to a regular block; each homogeneous region is fitted by one or more regular blocks; Obviously, a label field is
formed by all the label variables of regular blocks. The model of label field is built by using energy function of neighborhood
relationship. The feature set is considered as a realization of a random filed of multiple features (multiple features field for short). A
heterogeneous energy function is used to establish the model of multiple features field. Then the established models of the label field
and multiple features field are combined to define global energy function of image segmentation, and non-constrained Gibbs
probability distribution is used to describe the global energy function to build the energy segmentation model based on multiple
features. Further, a RIMCMC algorithm is designed to simulate from the model to segment SAR image. To verify the feasibility and

superiority of the proposed approach, real SAR images are tested.

1. INTRODUCTION proposed (Chang and Kuo, 1993; Jung, 2007; Zheng et al.,
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Aperture Radar (SAR) image contains rich features (such as
P ( ) & ( Cauchy density. The proposed method is effective for noise
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for image segmentation. However, traditional SAR image . . . .
transform does not work appropriately in capturing the detail

segmentation method based on spectral feature can not segment . . . .
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SAR image well. The reasons derive from the inherent speckle . . .
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In order to improve the accuracy of image segmentation, many . . .
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Li et al., 2015). These methods use the advantages of different

capturing the curves, it leads to low accuracy of boundary
segmentation. Curvelet transform is a newest extension of

wavelet and ridgelet transform which focus on compacting with
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With the development of multiresolution analysis, the . . .
image features well. However, the research of image processing
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based on curvelet transform is not perfect.

To achieve the optimal SAR image segmentation, an
energy segmentation method based on multiple features and
blocks for high resolution SAR image is proposed. First of all,
texture and boundary features are extracted by curvelet
transform, and they and the original spectral feature are used to
form a feature set of SAR image. The feature vector is
considered as segmentation basis, and its domain is partitioned
by regular tessellation. On the partitioned image domain, the
global potential energy function and non-constrained Gibbs
probability distribution are used to build the energy
segmentation model based on multiple features. Further, a
RIMCMC algorithm is designed to simulate from the model to
segment SAR image. Real SAR images are tested, and the
segmentation results are analyzed; the qualitative and
quantitative experiment results show the feasibility and
superiority of the proposed approach.

The rest of this paper is organized as follows. In Section 2
we present the proposed algorithm. We then in Section 3 detail
and discuss the results of real SAR images. Finally, Section 4
contains conclusions and perspectives for further research.

2. DESCRIPTION OF PROPOSED ALGORITHM
2.1 Curvelet Transform

Candes et al (2006) described two digital implementations
of a novel mathematical transform, namely, the second
generation curvelet transform. This paper uses it, which is
based on the wrapping of specifically chosen Fourier samples.
The steps are as followed (Candes et al., 2006):

1) Apply the 2D Fast Fourier Transform (FFT) to an image

to obtain Fourier samples f’ [I’l1 , nz] ;
2) For each scale j and angle /, form the product
U,ln,,n, ]fj,z[nlanz] ;

3) Wrapping the product around the origin and obtain
fj,l[”lanz] = W(Ujafj,z)[nlanz] ;

4) Apply the inverse 2D FFT to each f g hence

collecting the discrete coefficients C°(j, I, k).
2.2 The Proposed Algorithm

Consider a SAR intensity image z = {z;, deD}, where d is

the index of pixel, z; is the intensity of pixel d, D is image

domain.

Spectral, texture and boundary features are three basic
features of SAR image, there are extracted and used to form a
feature set in this paper, where spectral feature is select the
original intensity feature, that is, z = {z,;, deD}; texture and
boundary features are used curvelet coefficients obtained by
curvelet transform.

The operation of extracting texture feature is as follows.
First, the curvelet transform is used to decompose a sub-image
with ¢; x ¢, pixels centered on pixel s to obtain a series of curvelet
coefficients. Then their means is computed as

1 D .
pu=—>21C°G.LE
t J.lk
where N, is the total number of curvelet coefficients. In a
ccordance with the above procedure, the t-exture feature of
the SAR image is obtained, that is, g4 = {x; s = 1, ...,
S}.

The operation of extracting boundary feature is as follows.
Firstly, the curvelet transform is used to decompose the SAR
image f'to obtain a series of curvelet coefficients. Then, a Canny
operator is just used for extracting the boundary of curvelet
coefficients on the coarse and finest scales, their non-boundary
curvelet coefficients are changed to 0, and the detail coefficients
are unchanged. Finally, all the curvelet coefficients are

reconstructed to obtain the boundary feature of the SAR image b
={b;s=1,...,S},

b= C’(j.L,k)g}, @)

Jilok

In summary, the feature set can be written as f= {z, u, b} =
{fo s=1, ..., S}, where f; = {f,, g =1, ..., G}is the feature vector
values of pixel s, g is feature index.

As the effect of speckle noise in the SAR image, the
traditional segmentation method based on pixel can not
segment well in the homogeneous regions. To improve the
segmentation accuracy in the homogeneous regions, the
sub-region is considered as a processing unit, that is, an image
domain is partitioned by the geometric partitioning technique,
and region-based statistic models are built on the partitioned
image domain. In this paper, regular tessellation is used to
partition D into [ regular blocks, so D can be rewritten as D =
{P, i=1,..., I}, where [ is unknown, N is the total number of
pixels in the SAR image z.

Let label field L= {L;,i=1, ..., I}, where L; € {1, ..., k}is
the label variable of block, k is the number of classes and is

known. [ is a realization of L. / is defined by potential energy,
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1
U()=>4-n D.280.,1.)-1 ®)
i=1 P.eNP,
where 77 is spatial interaction parameter, NP;is the set of the
neighbor blocks of P;; [;= I, if & [;, [;) = 1, otherwise, X [;, I;)
=0.

Then U(f, I), represents the relationship between the
characteristic field F and label field L, is defined using the sum

of heterogenous potential energy function,

N
Uf(f’l):sz(fsiafst) (4)

s=1 i=1
where, fi, = {fi; [;=t}, V(fs, fi), represents the heterogenous
potential energy function, is defined by K-S distance in

multiscale texture feature images (Kervrrann and Heitz, 1995)

V(fasfo) =dys (fo> £)
= max Ffw- (z)—ﬁfw (2)

—00<Z<+0

)

where ' I and I 1, are cumulative sampling distribution of f;
J st st

and f;, dgsis K-S distance, that is, the maximum distance

between Ff_ and F’ =
Combining (3)-(5), the global potential energy function of

image segmentation, can be defined on the partitioned domain
U(fal):(]](l)+[]j(f’l) (6)

The non-constrained Gibbs probability distribution is used
to describe the global energy function of the image

segmentation model based on region and multiscale features

G(f,l)=%exp{—U(f,l)}

= %exp > {n[ > 28(,,1,) - 1}} @

I
i=1 P.eNP;
s
+ exp<— Z

1
s=1 i=1

d s (fs,-,fst)}

In order to achieve the optimal image segmentation, a
RIMCMC algorithm is designed to simulate the segmentation
model. In the processing of simulation, two moves are designed,
involving updating label field, and splitting or merging the
blocks.

1) Updating label field: the specific operation of the move
is: a block P; is randomly chosen, proposing a new real label
I"in {1, ..., k} (I #1)) and performing a switch if the proposal

is accepted. The acceptance probability can be written as

(Green, 1995)
a, =min{l, R, } )
where

_UD)+U (1)
YU+ U(fD

where ' = {I;, .., I, .., I3, I=4{0y, .., Ly .. I}
2) Splitting or merging blocks: The move of splitting block

)

is in tandem with the move of merging blocks. The splitting
move is an operation that a block is split to two blocks with
different class labels, and The new partition of image domain

becomes D* = {P1, ..

s

., P, ..., Py Pm*}, the acceptance

probability of the splitting move can be expressed as,
a,(D.D)=min{l, R, | (10)
where

_UOAU D) 5,00 | 60 |
UM+ 1, (0)q(w) [0(0,u))

(1)
where 7, = fi /I, 1, = hp/(+]), f; and Ay are the

probabilities of choosing the split and merge proposal,
respectively; o= a* H), @= (1, I); I= {h, ..., l,-*, o g
IM*}, =4, .., ., };u= I;.;"; The Jacobian term in Eq.

(11) is equal to 1.

3. EXPERIMENTAL RESULTS AND DISCUSSION

To illustrate the feasibility and superiority of the proposed
approach, two real SAR images with 128 x128 pixels shown in

Figure 1 are tested.

h-'l:,,:: i

P

a (b)
Figure 1. Real SAR images: (a) coastal image, and
(b) city image.
Figure 2 show the segmentation results of two real SAR
images. From Figure 2, it can be found that the proposed
method can segment homogenous regions well. In order to

qualitatively evaluate the segmentation results, overlaying the
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outlines on the original images shown in Figure 3. From Figure
3, it can be seen that the extracted outlines of segmentation

results match the real outlines well.

() (b)
Figure 2. Segmentation results: (a) coastal image
segmentation, and (b) city image segmentation.

@ | b
Figure 3. Visual evaluation: (a)-(b) overlaying the
outlines on the original images

In order to assess the proposed method quantitatively,
some common measures, including producer’s accuracy, user’s
accuracy, overall accuracy and kappa coefficient, are computer
based on the simulated real SAR images in Figure 4. Table 1
lists them. As is shown in Table 1, it can be seen that the overall
accuracies are greater than or equal to 93.7%. In addition, the
kappa coefficients are up to 0.900. It can be illustrated that the

proposed approach is feasible and effective.
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3
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(@) (b)

Figure 4. Templates of real SAR images: (a) coastal
image template, and (b) city image template.

Table 1. Quantitative evaluation

image a b
C 95.5 98.2
producer’s accuracy
() 93.7 90.6
(%)
G 92.8 91.5

C 93.2 97.8
user’s accuracy (%) C, 96.2 83.9
G 90.2 95.6
overall accuracy (%) 93.7 94.0
kappa coefficient 0.902 0.906

4. CONCLUSIONS

This paper presents a multiple feature- and block-based
energy segmentation method for high-resolution SAR image.
The proposed method effectively uses curvelet transform and
statistic method to obtain multiple features, and use it to
overcome speckle noise to segment SAR image well, but the
number of classes is given by user. In the future, it is a research
topic to determine the number automatically.
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