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Multi-look SAR image segmentation based on voronoi
tessellation technique and EM/MPM algorithm

ZHAO Quanhua', LI Yu', HE Xiaojun’, SONG Weidong'
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Abstract: We propose a novel multi-look synthetic aperture radar image segmentation method that combines Voronoi tessellation,
expectation maximization (EM), and maximization of the posterior marginal (MPM) technology. The image domain is partitioned
into a group of sub-regions by Voronoi tessellation, each of which is a component of homogeneous regions. Then a multi-look SAR
image is modeled on the supposition that the intensities of pixels in each homogenous region satisfy an identical and independent
gamma distribution. The image segmentation model is constructed based on the Bayesian paradigm. Finally, the EM/MPM algo-
rithm, which integrates the EM algorithm for model parameter estimation and the MPM algorithm for image segmentation, is
implemented. The proposed method expands pixel-based MRF to region-based MRF and achieves optimal segmentation and
parameter estimation simultaneously. Results obtained from both real RADARSET-I/II and simulated SAR intensity images indicate
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that the proposed method is efficient and promising.
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1 INTRODUCTION

Synthetic Aperture Radar (SAR), an advanced acquisition
technology of remote sensing data acquisition, has been applied
in numerous fields, such as environmental and disaster monitoring.
Image segmentation is the basic and key technology for SAR
image processing. To reduce the speckle noise inherent in SAR
images, a multi-look SAR image is often obtained via incoherent
multi-process technology. The main methods currently used in
SAR image processing include region-based, edge-based, and
cluster-based technology (Xu, et al., 2010). Regional and statisti-
cal-based methods are most valuable because of the statistical
characteristics of image speckle noise and pixel value (Dong,
et al.,, 2003). Regional-based method search or model-related
region representative technology includes segment-fusion tech-
nology (Zhang, et al., 2010; Li, et al., 2003), regional-based
Bayesian segmentation technology (Song, et al., 2010; Wong,
et al.,, 2010), and active contour model (Wang, et al., 2010).
However, such methods do not consider the correlations among
pixels, among regions, and between pixels and regions, so these
methods cannot fully use the statistical properties and correlation
of different regions of SAR images.

With improvements in SAR image resolution, introducing
the correlation hidden in adjacent pixels has become essential in

modeling SAR images. Numerous models have been proposed
toward this end. Among these models, Markov random field
(MRF) models are commonly considered, in which MRF is used
to model the joint probability distribution of pixel intensities in
terms of local spatial interactions. However, MRF has the follow-
ing drawbacks in modeling high-resolution remote sensing
images. (1) Because MRF model-based image segmentation
allows spatial interaction only between neighbor pixels, defining
the global correlation among pixels is difficult, whereas a pixel-
based MRF model hardly solves the geometry noise problem
caused by high resolution in SAR image processing. (2) Small
error segmentation areas in statistical homogeneous regions result
from the speckle noise inherent in SAR images. To reduce the
speckle effect, processing SAR images is necessary via region-
based rather than pixel-based methods. Thus, a class of geometry
tessellation-based methods is proposed (Green, 1995; Dryden,
et al.,, 2006). The idea behind these methods is that the image
domain is first partitioned into sub-regions by a tessellation tech-
nique, and then the extent of MRF is explored to model the rela-
tionship between sub-regions instead of neighbor pixels. The
work of Li and Li (2010) demonstrates the use of a geometry
tessellation-based method that integrates Voronoi tessellation,
Bayesian inference, and maximum a posterior (MAP) algorithms
in SAR image segmentation. Although MAP criterion (Comer,
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et al, 2011) produces meaningful segmentation in numerous
cases, it has several disadvantages besides the computational
cost. MAP-based algorithms are incomplete and require prior
knowledge of estimated parameters. To solve these problems,
Comer and Delp (2000) propose the Expectation Maximization/
Maximization of the Posterior Marginal (EM/MPM) algorithm to
estimate parameters and segment textured images simultaneously.
The EM/MPM
Maximization (EM) algorithm for parameter estimation with the

algorithm  combines the  Expectation
Maximization of the Posterior Marginal (MPM) algorithm for
segmentation. Following the methods proposed by Comer and
Delp (2000) and Li and Li (2010), this study presents a novel
multi-look SAR image segmentation method that combines

Voronoi tessellation, EM/MPM technology.

2 MULTI-LOOK SAR IMAGE MODEL

A multi-look SAR image, z= {z («x;,v,); (x,,y,) € D,
i=1,---,n}, where i is the index of pixels, z; is the intensity of
pixel (x;, ;) is the site of pixel i, D is the domain of the image,
and n is the number of pixels of z, can be considered a
realization of the discrete random field defined in D, Z=1{Z,(x,,
y):(x;,y,) eD;i=1,--+ ,n}, where Z, denotes the random var-
iable for pixel intensity. We let £2, be the space of all possible
realizations of Z.

To model the multi-look SAR image, Voronoi tessellation is
used to partition the domain of the image (Li & Li, 2010). With
the collection of generating points, G = { (uj,v/.) . (uj ,v;) € D;

j=1,--,m}, Voronoi tessellation partitions D into m Voronoi
polygons, P= { P;:;j=1, -+, m|, where P, is the j" polygon
induced by the generating point (%;, v;) and can be defined as
Po= {1 (x,y)5d((w,y), (u,0)) <
d((x,y), (w,0)), (w;,0) , (wy0,) € Gyj#jb (1)
where d is the Euclidian distance of two points in a plan. Fig.1

illustrates a Voronoi tessellation with six generating points.

Fig.l Voronoi tessellation with six generating points

We assume that the generating points are uniformly and
independently distributed on D. Thus, their joint probability
distribution function (PDF) can be expressed as

A
p(Gl m) = [[p(u,v) =
j=1

—— =IDI™ (2
1 1 DI (2)
where | D1 is the area of image domain D. We assume that the

number of generating points m follows Poisson distribution with
a mean A, so the PDF can be written as

m

p(m) = ~—exp(= 1) (3)

m!

We assign each polygon P; a random label variable, L; e
{1, =+, ki, where k is the number of homogeneous regions and
is known a prior to indicate the homogeneous region to which
the polygon belongs. As a result, the set of all labels L={L,; j=
1,---,m| forms a label field, and its realization responds to a
segmentation. To model the label field, an improved Potts model
is used:

P(LIGm) = Srexp( = 3 m(LL))  (4)

{L,LT NP
where NP denotes the set of neighbor polygons (any two
Voronoi polygons are neighbors if and only if they have a
commute boundary), A is a normalized constant, 7 is a constant
for the interaction of neighbor polygons, and ¢(x,y) is an indi-
cator expressed as

0, if x=y

Hx.y) = {1, i xy )

We assume that the intensities in one Voronoi polygon
follow an indicial and independent gamma distribution (Lee,
et al., 1994; Dong, et al., 2003), that is:

A Z.
(Zil(xzw'i)EPWL‘:l’ ):7 - GX(—;)
P y i L B, T g ™ g
(6)

where I'( - ) is the gamma function, and « and B, are the scale

and shape parameters, respectively. For a multi-look SAR image,
a is equal to the number of its looks (Lee, et al., 1994; Dong,
et al., 2003).

Eq.(6) indicates that the joint PDF of the pixels in a Voronoi

polygon P; can be expressed as
1z z
XP( - *) (7)

€
wwoer I (a) B B
where Z;= \Z.5 (%, ;) e P;} . We assume that the PDFs of all
the above Voronoi polygons are independent, so the multi-look
SAR image model can be expressed below.

p(Z1 L,G,B,m) = HP(ZJI L) =
i=1

m 1 Z;x*] _ Z’»
IIL i ol ) ®)
where B=(8,,"-.8,).

To segment a multi-look SAR image Z, deriving the joint

p(Z/l L, = L,B,) =

PDF of L and G given Z is necessary. Using Bayes’ rule, as well
as Eq.(4) and Eq.(8), we have
p(L,G,m| Z,B) =
p(ZI LB)p(L| G,m)p(Gl m)p(m) _

p(Z1B)
1 o
mxll)l Xm! 6Xp(‘)\>><
L (7 Y\ Z
,l:_[ml:[d,r(a) B exp( ﬂl)
Tewl- ¥ aurL)] 9)

Because A and p(Z18) do not depend on L and G, they are not
considered in the optimization to segment the SAR image.

3 EM/MPM ALGORITHM

The EM/MPM algorithm is proposed for image segmentation
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after modeling the multi-look SAR image. The proposed
algorithm includes two steps: the MPM phase for segmentation
and the EM phase for estimating parameter .

3.1 MPM multi-look SAR segmentation

In the MPM phase, we assume that B is known, and we
consider the segmentation as an optimization problem. The opti-
mization criterion is the minimization of the expected value of
the number of misclassified pixels (Comer & Depth, 2000).
Minimizing this expected value is equivalent to maximizing
p(L,=l, G| Z=z) overallle {1, ---, k| for Voronoi polygon
P(j =1, -, m) (Marroquin, et al., 1987). Thus, to find the
MPM estimate of the label field L, determining the ! for each P;
is necessary. P; maximizes

p(L,=11Z=2) =p(l,GI Z,8) =

Y p(1,GI Z,8) (10)

where (2, = {I; ], =1} ; £); denotes the space of the point
collection, and [ is the realization of the label field L. In fact,
calculating accurately the marginal probability functions as in
Eq.(10) is infeasible. To obtain the MPM estimate of an MRF,
Marroquin, et al. (1987) presented an algorithm to approximate
marginal probability. In this study, the algorithm is also used to
approximate the marginal probabilities of function Eq.(10). The
approximation includes (Comer, et al., 2011) designing the
random sampler and generating a discrete-time Markov chain

L(t) = {L(t);j=1,---,m}, which is based on the PDF in Eq.
(9); L(¢) is the limiting distribution of the label field L. For any
initial realization /(0) with a given label field.
}ir;np(L(z) =1,Gl1 Z =z,L(0) =1(0)) =p(l,G| z,B8)
(11)
As a component L; of the label field, L can be changed each
time during iterative sampling, so the following function is

1 )
(l[.‘, = {O

(L = LG 2) ~ o a0, Yij (13)

defined as

if L(t) =1
L) (12)
if Lj(t) # 1

Thus,

where T, is the number of visits to L; made by the random
sampler. Eq.(13) shows how to obtain the MPM estimate of the
label field L.

In this study, the Metropolis-Hastings (M-H) algorithm is
designed for sampling (L, G). All of the following move opera-
tions are implemented during the iterative sample.

(1) Changing the label field. In the label field L={L;; j=
1,:--, m}, each label L,j=1, -, m,is extracted with equal
probability (1/m), and L; is changed. Proposed label L, " is
extracted with equal probability (1/k), and it satisfies the condi-
tion. Acceptance probability can be calculated as

Z.
H %ﬁxp[— ! ]exp[— ZW(L,*,LJ)]
B AN, (v eP, (ﬁ“ ) B.- o
aL(Lj,L/ ) = minl1, 1 ~ "
——exp| = | exp[ - L L,
("1‘:[5')’ (BL))“ P[ ﬂl‘, p[ szNP,nt( o )]

where NP; is the set of the neighbor Voronoi polygons of P;.

(2) Moving the generating points. First, a generating point
(u;, v;) is extracted from the set of generating points G=1{ (u;,
v) eD; j=1, -+, m} with equal probability (1/m). The
proposed generating point (u,; ", v;” ) is randomly distributed in
the area of polygon P,. The acceptance probability of (u; ",
v;" ) can be written as

(Z(u,p)((u,ﬂ},)y(u,* ,U/*)) =

min/ 1,

(15)

1 Z,
0 o] 2]
P, PPN (x)y ) cP, (ﬂL ) BL/
(3) Adding or deleting generating points. We assume that
the set of generating points is G=1{ (u,, v,) , -+, (u;, v;), =
(t,, v,) . To add generating points, a Voronoi polygon P; is

chosen, and a proposed generating point is extracted in this poly-

gon with label L,,,,, namely, (u,., ", v,,, " ). Correspondingly,

the set of generating points is G* =1 (u,, v,) , -+, (u;, v;),
s Uma ) 1. Eq.(1) states that a new

yP 9Pm+l }

m

(s 1) (U
Voronoi tessellation is formed, P* = {P, ",
Because (u,.,, , v,. ) is located in P;, the newly generated
polygon P, * only changes the polygon P, and its
neighborhood polygons. The label L,.,, * of the polygon P,,,, ~ is
extracted with equal probability (1/k) in the {1, ---, k| . Thus,
the proposed label field is L* ={L,", -, L;", ---, L, ",
L

w1 |, whereas the label {P, " -+, P, " | remains unchanged.

The operation of adding the generating points is accepted by the
following probability:

ag. (G,G") = min{l, R} (16)
where
m+ 1 1 ~
R = Jlj[lu‘.»l)_e[l{‘* (BL\ )“exp[ ZL/BL‘* J y
.,. ) e
jl:_[](“l:[d/ (BL‘)QG p[ ZL/BLJ
Hexp( 2 *nt(Lj* L") )/l;exp( 2 *nt(l,L_,-,* ) )
f[lexp( *2 *nt(Lj,L,,) )/lzﬂexp(P;Nnt(l,Lj,) )
| (17)

The operation of deleting the generating points is a dual
operation of adding generating points, so its acceptable
probability can be expressed as

ag. (G,G") = min{l,1/R} (18)

3.2 EM algorithm for parameter estimation

To implement the M-H sample, parameter 8 needs to be
estimated. In this study, the EM algorithm is used to estimate the
value of B (Masuda, et al., 2011; Xia, et al., 2011; Xu, et al.,
2011). An iterative procedure is conducted in the EM algorithm
to approximate the maximum-likelihood estimates. Two steps are
performed in each iteration: expectation and maximization. We
let B (7) be the estimate of parameter B at iteration 7, so the
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estimate value of B at the iteration can be expressed as
0B.B(r-1)) =E[logp(ZI LB) | Z =z,8(r - 1)] +
Ellogp(L1 B) 1 Z = z,8(r - 1)] (19)
Because the PDF of the label field L does not depend on 8,
the second term of Eq.(19) is ignored. B(7) is obtained as the
value that maximizes Q(B, B(7—1)), and B(7) satisfies
QB(r)B(r-1)) =20Q(B.(r-1)) VB e
(20)
where £2; is the space of all possible values of 8. After substitu-
ting Eq.(8) into Eq.(19), differentiating, and setting to zero, the
result of B(7) = (B, (1), - ,B,(7)) is as.
B(r) =Sy, =11 zp(z-1) ¥ z ()

Oth( T) PSP, (x.03) P,

where P, = {P;; L, = I} ,N(7) = Y Np(L, =11 Z,
PeP,

B(r —1)),N, = #Z,. The exact computation of p(L;= 1 | Z,
B) is infeasible. Thus, Eq.(13) is used in this study to obtain the
estimate of p(L]: L1 Z, B) and to compute Eq.(21) to obtain
the estimate of parameter 3.

3.3 EM/MPM algorithm for segmentation

The EM/MPM algorithm uses the EM algorithm and MPM
algorithm, which combine the MPM algorithm for segmentation
and the EM algorithm for parameter estimation. The procedures
of the EM/MPM algorithm are described as below

(1) Parameter B, noted as $(0), is initialized.

(2) Parameter B(7—1) is used to implement the MPM algo-
rithm for 7, times (7, = 500 in this study) to obtain the MPM
estimate of the label field L by Eq.(13).

(3) Step (2) is used to obtain the MPM estimate of the label
field L, and this estimate is substituted into Eq.(21) to obtain
B(7) of the B estimate.

(4) The step involving Eq.(2) is repeated until the expected
total number of iterations is reached.

4 EXPERIMENTAL RESULTS AND DISCUSSION

To validate the feasibility and effectiveness of the proposed
algorithm, synthetic and real SAR intensity images are used.
First, a synthetic SAR intensity image with four looks, five
homogeneous regions, and 128 X 128 pixels resolution is
created. Fig.2(a) presents the template of homogeneous regions,
in which the numbers 1—35 indicate the different homogeneous
regions. Table 1 lists the parameters of gamma distribution for
the corresponding homogenous regions. Fig.2 (b) shows the
created synthetic SAR intensity image.

(b) Synthetic SAR image

(a) Template
Fig2 Synthetic image

Table 1 Gamma distribution parameters for the
different homogeneous regions

Homogeneous regions

Parameters
2 3 4 5
a 4 4 4 4 4
10 35 20 25 15

Fig.3(a) and Fig.3(b) illustrate the final Voronoi tessellation
and optimal segmentation results after 500 iterations for MPM
and 100 iterations for EM estimation. The method presented in
this study is essentially an extension of the pixel-based MRF
proposed by Cao, et al. (2005) and Comer and Delp (2000). For
comparison, Fig.3(c) shows the segmentation results of the pixel-
based MRF algorithm. Comparing the two segmentation results
shown in Fig.3 (b) and Fig.3 (c) indicates that the method
presented in this study can segment the five homogeneous
regions well, whereas the pixel-based MRF almost fails to distin-
guish the regions.

s

(a) Final Voronoi
tessellation

(b) Optimal
segmentation

(c) Segmentation from the
pixel-based MRF algorithm

Fig3 Segmentation results

Table 2 lists the estimated values of the gamma distribution
parameters and their percentage errors. The figures indicate that
the proposed algorithm can accurately estimate the model param-

eters.
Table 2 Estimated scale parameters of the
homogeneous regions and their errors
Homogeneous regions
Parameters
2 3 4 5
Proposed B. 10. 05 33.64 20.04 24.62 15.12
method eg/% 0.47 1.37 0.04 0.38 0.12
B. 11.27 35.37 16.18 24.38 12.50
MRF

eg/% 1.27 0.37 3.72 0.62 2.50

To visually illustrate the accuracy of the segmented results,
the outlines of the segmented homogeneous regions are
delineated and overlaid on the synthetic SAR image. Fig.4 shows
that the delineated outlines match well the boundaries of the
homogeneous regions.

(c) Overlay of the
extracted outline on
a synthetic image

(a) Extracted outline (b) Overlay of the
extracted outline on

Voronoi tessellation

Fig4 Segmentation results
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Fig.5 reports the changes in the scale parameters during 500
iterations and indicates that the stable values of the estimated
parameters finally converge.

S0
—cCl
45t —C2
—C3
40t c4
—C5
35t
30(
xQ
25+
|
20 f—
15 } : _— _—
10!

5 . .
0 50 100 150 200 250 300 350 400 450 501
Iteration

Fig.5 Changes in scale parameters during 500 iterations

Statistical measures, including the producer’s accuracy,
user’s accuracy, overall accuracy, and kappa coefficient, are used
to measure segmentation accuracy. Table 3 provides the results of
the proposed method and the pixel-based MRF method. Table 3
indicates that the Kappa coefficient for the segmented result is up
to 0.99. General interpretation rules to assess thematic accuracy
indicate that a Kappa coefficient from 0.81 to 1.00 is almost
perfect (Congalton & Green, 2008).

Table 3 User’s accuracy, producer’s accuracy,
overall accuracy, and Kappa coefficient

Homogeneous regions

Method Measure/ %
1 2 3 4 5

User’s accuracy 99.61  99.06 99.63 99.12 99.22
Proposed Producer’s accuracy  99.94  99.20 99.42 99.84 98.41
method Overall accuracy 99.34

Kappa 0.99

User’s accuracy 51.01 75.93 65.37 51.48 36.86

Pixel-based b1 cer's accuracy 26,42 79.98  65.35  56.15  40.26
MRF
method Overall accuracy 44.59

Kappa 0.31

In this study, the number of polygons in Voronoi
tessellation m is set as a random variable. To test the effect of
initial m, on the final segmentation, the segmentation results
from m, = 48, 64, 80, 96, and 112 are compared. Fig.6 presents
the changes in m during 500 iterations with different m,. The
final numbers of m after 500 iterations are 29, 30, 36, 35, and 33.
In other words, the proposed method attempts to fit all the
homogeneous regions with the polygons as less as possible.

Real SAR intensity images are also used for validation.
Fig.7 shows three RADARSAT- I /Il SAR intensity images with
number of looks 2, 3, 4 and with homogeneous regions 4, 3, 4.

Fig.8 (a) to Fig.8 (c) provide the optimal segmentations,
Fig.8(d) to Fig.8 (f) show the extracted boundaries of the seg-
mented homogeneous regions, and Fig.8(g) to Fig.8(i) and Fig.8
(j) to Fig.8(1) illustrate the overlaying of the extracted boundaries

on Voronoi tessellations and testing images. All of these images
show that the proposed method can segment real SAR intensity
images well.

120 -
| -+ m=48
ULt m =64
100 + m=80
90 k m=96

m=112

80+

g 70t

60 |

50F

@

40 i

30

20 : . n : . f : : . ]
0 50 100 150 200 250 300 350 400 450 500
[teration

Fig6 Change in m during 500 iterations

(a) First

(¢) Third
Fig.7 Real SAR intensity images for testing

-

(c) Segmented image

T P
5(\

(f) Outline

(a) Segmented image  (b) Segmented image

(d) Outline (e) Outline

(g) Outline overlay
with Voronoi image

(h) Outline overlay
with Voronoi image

(i) Outline overlay
with Voronoi image

(1) Outline overlay
with original image

(k) Outline overlay
with original image

(j) Outline overlay
with original image

Fig8 Visual assessment
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5 CONCLUSION

This study presents a new segmentation method based on
Voronoi tessellation technique and the EM/MPM algorithm. The
proposed method is evaluated with real RADATSAT-1 and
synthetic SAR images. The experimental results indicate the effi-
ciency of the proposed segmentation method.

Future research will focus on issues such as developing an
algorithm to increase fitting accuracy on the boundaries of
segmented regions, comparing the effects of different tessellation
schemes (e.g., regular, Poisson, and leave tessellation on segmen-
tation results), and considering the scale and shape parameters of
gamma distribution as random variables to improve the accuracy
of estimate parameters.

REFERENCES

Cao Y, Sun H and Xu X. 2005. An unsupervised segmentation method
based on MPM for SAR images. IEEE Geoscience and Remote
Sensing Letters, 2(1): 55-58 [ DOL: 10.1109/LGRS.2004.839649 |

Comer M L and Delp E J. 2000. The EM/MPM algorithm for segmenta-
tion of textured images: analysis and future experimental results.
IEEE Transactions on Image Processing, 9(10): 1731-1744 [ DOI:
10.1109/83.869185 |

Comer M L, Bouman C A, De Graef M and Dimmons J P. 2011. Bayes-
ian methods for image segmentation. JOM Journal of the Minerals,
Metals and Materials Society, 63(7): 55-57 [ DOI: 10.1007/s11837
-011-0113-3]

Congaltonr G and Green K. 2008. Assessing the Accuracy of Remotely
Sensed Data: Principles and Practices. Boca Raton: CRC Press, 169
-190

Dong Y, Forster B C and Milne A K. 2003. Comparison of radar image
segmentation by Gaussian-and Gamma-Markov random field
models. International Journal of Remote Sensing, 24(4): 711 -722
[ DOI: 10.1080/0143116021000013322 ]

Dryden I L, Farnoosh R and Taylor C C. 2006. Image segmentation
using Voronoi polygons and MCMC, with application to muscle
fibre images. Journal of Applied Statistics, 33(6): 609622 [ DOI:
10.1080/02664760600679825 ]

Green P. 1995. Reversible jump MCMC computation and Bayesian
model determination. Biometrika, 82(4): 711-732 [ DOI: 10.1093/

biomet/82.4.711 ]

Lee J S, Hoppel K W, Mango S A and Miller A R. 1994. Intensity and
phase statistics of multilook polarimetric and interferometric SAR
imagery. IEEE Transactions on Geoscience and Remote Sensing, 32
(5): 1017-1028 [ DOI: 10.1109/36.312890 ]

Li S D, Zhang C and Wang Z Z.2003. SAR image segmentation by like-
lihood criterion. Journal of Remote Sensing, 7(2): 118-124

LiY and Li J. 2010. Segmentation of SAR intensity imagery with a
Voronoi tessellation, Bayesian inference, and reversible jump
MCMC algorithm. IEEE Transactions on Geoscience and Remote
Sensing, 48(4): 1872-1881 [ DOI: 10.1109/TGRS.2009.2033588 |

Marroquin J, Mitter S and Pojjio T. 1987. Probabilistic solution of ill-
posed problems in computational vision. Journal of the American
Statistical Association, 82(397): 76—89

Masuda Y, Tateyama T, Wei X, Zhou J Y, Wakamiya M, Kanasaki S, Fu-
rukawa A and Chen Y W. 2011. Liver tumor detection in CT
images by adaptive contrast enhancement and the EM/MPM algo-
rithm // Proceedings of the 18th IEEE International Conference on
Image Processing. Brussels, Belgium: IEEE: 1421-1424 [ DOI: 10.
1109/ICIP2011.6115708 |

Song X F, Wang S and Liu F. 2010. SAR image segmentation using
Markov random field based on regions and Bayes belief
propagation. Acta Electronica Sinica, 38(12): 2810-2815

Wang X L and Li C S. 2010. SAR image segmentation using level set
evolution without prior information. Journal of Beijing University of
Aeronautics and Astronautics, 36(7): 841-844

Wong A, Yu P, Zhang W and Clausi D A.2010. IceSynth II: synthesis of
SAR sea-ice imagery using region based posterior sampling. IEEE
Geoscience and Remote Sensing Letters, 7(2): 348-351 [ DOI: 10.
1109/LGRS.2009.2035136 |

Xia H Y and Guo P. 2011. A shadow detection of Remote Sensing
images based on statistical texture features. Journal of Remote Sens-
ing, 15(4): 785-791

Xu X Z, Ding S F, Shi Z Z and Jia W K. 2010. New theories and meth-
ods of image segmentation. Acta Electronica Sinica, 38(S1): 76-82

Xu Z H, Huang J G and Zhang Q F. 2011. New method for distributed
and quantitative estimation fusion of multi-sensor based on EM al-
gorithm. Journal of Electronics and Information Technology, 33(4):
977-981

Zhang L and Zhu Z D. 2010. Target segmentation for SAR images based
on global Maxflow neighbor region grow algorithm. Journal of
Nanjing University of Aeronautics and Astronautics, 42 (6): 764
=768



BRAE 42 BT Voronoi JL3) 73F1 EM/MPM S13k 9240 SAR (€15 73] 847

E F Voronoi JL{a %41 EM/MPM £ £ 1
% {1 SAR E{F 57 &l

MRk, Fx1', ARE, REXR

1T TR AR K 4 S5 BRLE2F b, 107 BB 123000
201 T TREEAR K QI LB, 10T B35 123000

i E LTSI SAR 48] F ik, 2 H—Fh 454 Voronoi Xl Hi AR e K E{H EM (Expectation Maximiza-
tion) Al K i 2k 8 MPM (Maximization of the Posterior Marginal) 35 15 i) 2 L SAR KM% 43 E) k. 1 55 F H
Voronoi ] 73 EHG I 53 AN R i X8R, 1 A~ DX AT LA AR 4 31 [ o DX ) — A 2 i 40, IR
AT DX AR 206 2 [ — 057 1Y Gamma 43477, AT 257 200 SAR EMGARAY , 76 DU B8 2044 T~ o G 43
TR AR5 45 EM/MPM S350 47 B8 0 BRI S50k 1, 12007 W0 55 T4 0T 19 T /R W] R BL ) (Markov
Random Field, MRF)FE7U 7 f | 5L T X 4l i) MRF #E7 , 3f- HRE [F] B A7 350 5 SR S 4000l 1 R0 T X3 SAR 14
GIAf o H . SRAASCAE D, 5% RADARSAT- I /11 SAR 38 5 EIG A4 A SAR i 5 MG H#EAT 1T 43 #5256, 14
I s B ZS SIGUE T 48 SO VR A 80 TS M A UE R 1 o

4217 : Voronoi JLfiT X4, EM/MPM 55.12: , SAR , [El{%3 %]

HE 5 ES P23 MERARERS: A

SI AR BRE, =F, AEE, RE%K. 2013. E-F Voronoi JLIT X141 EM/MPM E %8 £ SAR BG4 2. 12 B F1R,

17(4) . 841-854

Zhao Q H, Li Y, He X J and Song W D. 2013. Multi-look SAR image segmentation based on voronoi tessellation
technique and EM/MPM algorithm. Journal of Remote Sensing, 17 (4) : 841-854 [ DOI: 10. 11834/ jrs. 20132239 ]

15 5

A AR IS SAR S —Fp Je ki iR 5 B AR
ITFB, O AERAEY) AR ORI VK | T 3% W )
S L2TAR T ZMH. BB %L SAR
1GAL B B R AR OCAR (AR . T I BR SAR
PG BT A B s M 75, 76 SAR MG SREILE & b
AHEATARAN T Z WAL B, AT K15 290 SAR EZ,
HETRE TARZ 2 SAR By EI5E 8, 354,
75 < T XA 1 8 SR 2 1 ) 9 S (VR
fiE %%,2010), H1T SAR & [E 4 1 BE i M 1
Huy H AR AR R 5 B B Gt A R, R, 2
T IXIEFNGE T (1) T 35 A R 2 f A A S oy E)
7:(Dong %,2003), T XY SAR K& HI ik
B R SRR S A 56 X, B R

Bt 43#)- AlA HoR (R JR 15, 20105 B 55
Ft 45,2003) 5L F X IR D0 320 B CR e g 45
2010 ; Wong 4%, 2010) , = Bh#8 BRI (F e 5 f 2 45
F,2010) 0 (H LA 58T DX A5 R AT [ Bk it % 408
G R ] X AR 2R () J X5 DX =2 [ 4 o
2, BV 7RI SAR MGG H 43 A 5k LA K2 48
AT X IR AR S

Bt 25 [B) A HER 3G N, 76 SAR % 4 E1 5]
AR ZE00 3 2 1) AH G M T LA e 3 35 1 0 vk A v
PR AT S G b B HLAR SR 0 e A TR 2
MRF #i%], {Hf£55 MRF #5875 5 43 BE %R SAR
1G5y E PAFAE LT AL : (1)MRF 5 ) g SR 3T
AP 3R A% 3 B A S, M A R SO JR 2o, i HL 3
FARZ 1 b B D7 1 AR M e ol = Ay BE R SR I
SAR K& H Y LTI (2) 1 T SAR RS TS A Y

%5 B H#9:2012-08-20 ; 11T B H#A:2012-11-16; fL e =2 H kit B #3 :2012-11-23
HEEWMB : HER AARAELLTH (i :41271435) ; b ERMA BT HUBER T 25 5050 % TPk 3k 4100 H (45 :2012LDE013)
F—EER N R RALW978— ), L T IS, RN 7 ) A i R R A 4T, BE LU A A 12 B R AL B b (i o R FR2FARB S 10

AF o E-mail: zqhlby@163.com



848 Journal of Remote Sensing % & 53Rk 2013,17(4)

BE e R EMR R A GO R BT XN S B
(RS DX, TR 1 R IR B . o T E I
BB R FLIE 5] A T I R, FF 2 i
X UGS A T T LT 4] 43, SR 5 3 57 56 T X3 MRF
PR, H A i B ) /& Voronoi K1) 43 (Green, 1995 ;
Dryden 4§, 2006),{H7E L I 3C#k 3 F Voronoi X143
() MRF 452 B AY ] — M AR 1 43 0, 9 2K ni 3
SAR [EG &b, S T FE 25 SAR BRI SEiT
S AP, Li A1 Li(2010) #2 H T 56T LA R4 9
SAR EIMRGe#105 s %07 Bk ok a %
MAP(Maximum A Posterior) . 1 3¢ 38 UL R 2 80 4h
THAEG AL

GEt RSy B0 S i) 2 n) AL 35 - R
PSR BT S B0, T DL SR B o B A
FREN] . MAP 53358 5 T R BB AL 2 8 Ak 11 A
PG eIt 73 %1 (Comer 55, 2011), {HAE R ZHUE O
T MAP BRI FRMELLSEIRY , If H MAP 57
DT B AL S B e B8 A A, O T AR
iR MAP BEAEAERY[R]ET, Comer T Delp (2000)42
1 T EM/MPM (Expectation Maximization/Maximiza-
tion of the Posterior Marginal)35.%% , # 37, T 3 T2 R
i) MRF #5843 H R 1 EM/MPM SZ 8L T 80104
TSR ES 1 40 #] . EM/MPM 503519 H 1 T
S/ MERIHR R BN TR, S50 T B R bR
SR AR . EM/MPM 8k [A] B R A EM SE 3R
RS HAS T LA A MPM A5 21 el 451 o

hy TS BRAE R R SRS 5 43 A R R R B0
T TR T XIR A S SAR UG E A 7051, [RI B 3k
IR B R B S E A 145 2 A SO T Voronoi
%1 53 H AR EM/MPM B:45 6 K 317 SAR [
1257, &5 H A Voronoi X143 7 vy 3 F X e i &
B FIRRY, TRz B v AR R 40 A [R] 1Y
T, AR T K3 AT DL A B 8 ] o IX 45
() — AL SR, IR A DX 1R 3R i 2
[f]— 737 () Gamma 4345 , FI ] Lk Z 40 SAR K14
PR 76 DL RS (Comer 45, 2011) 2844 T 2245 1]
B4y B0 B, SR 5 454 EM/MPM &84T 250 1
FEUG 538 % D7 B0k 3 TAR Z 1) MRF BRIy g
FELT XA MRF , - HGE W] I A 850 3 O A 2
AT T XY SAR BIR &AL 53 #

2 ZHL SAR E{GAR

Z W SAR 15 2= 1z.(x,,y.) 5 (x;,y,) eD,i=1,

et (Hd, e ABRERG . NIRER R,
(v, YN L B R AOLE D R EGREE, n  A
BEBOWTUE B E XED Lk Z =
1Z:(x;,y)5(x;,y) eDsi=1, - ,nt LH, Z, 9RAL
i MERME LS — S, K Z T
A AT BE Y SE I ) 23 TR 2,0

h TR Z A SAR EIME, B S5 A Voronoi ¥
SAEARNGEG I D 153 F X3 (Li Fi Li, 2010),
e A RS, G =1 (u;,v;): (u;,v) eD;j=1,
-+-,m{ ,Voronoi ¥53¥ D R 53R m >+ Xk (FrHh
Voronoi Zi1J¥),P=1{P;:j=1,---, m}| ,Hf P, it
By, o) G TR, BY P, AR AR — (e, ) 54
R (v B /N T A B A b At A s
ERE
P,=1{(x,y)3d((%,y),(u;,v)) <d((x,y),

(up,0.)),(uy,0) , (up ) € Gy #ji (1)

K, d P B R RO LR R R, B 1 fT
AR 6 AN BB A3 AT AR I T T8 BRI B AR R
(S0 p5,) ¥ 5 1717 B ) Voronoi K1l 43 &, Bl H, 1E T TE
INFR Y S48k Voronoi 22 1T i 1 L4k, 1 g 28 )
SRy IR A A ) 1) 2k i A O RO AR A A AT
PIF i Voronoi 22 111 S 2 SRy A WL ) A2 8 A5 [
R B P,

1 6 MRS IR Voronoi X147

BB A B 2 20 o0 A T R Sk D, I HLA 2
SR AT R LA S . PR, AR i SR B ST B R

p(G1m) = []pCu.0) =

FJ%TﬂDVm

(2)
K, IDIEREGIL D iTE . Xt T Voronoi X 43
A B AR m, B L R Y A AL 3 AT
R b HCABE 9% 5 R AN



BRAE 42 BT Voronoi JL3) 73F1 EM/MPM S13k 9240 SAR (€15 73] 849

Sexp(= ) (3)
K EEAS Voronoi 2K P, 43 Bt — A Fr 5 A8 i
Liell, -, ki ,DIRMEIERIEN B, Hrh k2
Fror I S 0 B AR S B8, A S iz i o 2
MRS B AR ZE R JLAAr X800 B — 41 Voronoi £
BGRB8, XA Voronoi £ i1 1E IR
SHEAL={L; j=1,,m{ BT — DR
Yy, Mz WL 1 B> SE B T 240 SAR KR Z
1) —Fh o1, ICHR 5 5 BT A AT e iG55 B ) 45 (6]
0 2, N T FIRLBI Voronoi £ 1B br-5 1 #H
Rt AR SOR . SCHEFLINA A5 i MRF B
#I| Voronoi Xl 73 & I, BME & bR*5- 3 L (1448 58 %5 B
pREE AT IE:
p(LI G,m)Ziexp(— Z nt<Lj7Lj’)) (4)

|L,L T eNP
A, NP i 45 %€ Voronoi X 43 B A FF & 41 18
Voronoi ZiNTEX I HEG, AT E W~ Voronoi Zi1JE
RS HACY AT R A S F A 54 hH—
e, @) /75U A R RE A bR (E SR A A
£ ;m HABIR Voronoi £ T¥ 175 [AI/E IS5, fEAC
ST E B BOZSEC C A e (x,y) T8N BREL,
o= 3
L BT RT LUE i, BI85 D _E 1§ Voronoi
153 P (A4 G)LLBE XAE P sS4 L
SEATHLZIE T ER Z (5], 2Pk, R
Voronoi ZiJE P, WA RS L, =1 WFENL L & Z,
IR [R]— 2 37 %) Gamma 437 (Lee 4§, 1994; Dong
5, 2003), HME AR 8 R B0 2R 8
p(Z. | (x,y:) € P,L,=1,B)) =
1z z
ri g "B (©)
A, (- )N Gamma %L, B, & Gamma 43 1ii 1Y
RIEZH, o i Gamma 5317 I TER S5, X2 0
SAR FE14, a % T H M E (Lee 55, 1994; Dong %,
2003),
HE(6), Voronoi ZIE P, W T A 15 2 5k Ji
5 RS RE R B eR AR
1z Z
exp( )

P(Zjl L/:Z’B1>:<X,HEP,F (o) 37 _l?l
(7)

ﬁFFI’Zj =1Z; (%, 9,) € Pj%o (8>S0 W I END]
Voronoi 211 _F iAW 73 A1 75 A AH B ST, DU

p(m) =

Z 0 SAR Gl AR AR -

p(Z| L,G,B,m)= Hp(zlw L) =
1z z,
]-Ulu,,wep,r(a) B eXp(_E,) ®)
ﬁ[:fj’ﬂz(ﬂlsn"ﬁk)o
N TSRS, T A B EE A EHR Z
SHB FNF T IR T L 15 AR 2 5 R, AR
T UL B, A AR R PR
p(L,G,m| Z,B8) =
p(ZI L,B)p(L1 G,m)p(G| m)p(m) _
p(Z1B)
1 A"

x| DI ™ x
p(Z1B) m|

1z Z
1‘11 (%)’,)EP,F (0(> ﬂ7 eXP( ﬁz) *
%exp - . ; NP'r]t(Lj,Lj,)] (9)
BTt AR p(Z1B) 553 L To&, i, SKH
Z M SAR [EIZ 3 AR ik Hof 220 W8 3 PR 3

exp(—A) X

3 EM/MPM &

EUG RIS, S8 1S , R EM/MPM 559017
BG4y E] . ASCHE 1 EM/MPM £ 41 SAR B4 43
5 B A AR SR AL (1)MPM B 7L T
14515 (2)EM &3 T Gamma 430 i 25 B #)
it

3.1 MPM il SAR E &4 Bl & %

MPM 7rEI 5L E Z8UE B ZE MM, B
FEASEARTE T R 43 50 ) R 3K A LAk )t , H:
HH O A T Sy e /N Ak 5 3 045 R B0 B B
(Comer #il Delp, 2000), #5/IMbi% H1 H{E 5 X
Frfitns le {1, -, kt LA A5 Voronoi £ i1 JE
P(j=1, -, m)fift p(L =1, G| Z=2z) &K
(Marroquin 5%, 1987), N T SL8br'5 4 L 1) MPM
i, F Xt g —A~ P, B —A L, (1340 F i
3R SS N

p(L,=11Z=2)=p(l,G| Z,B) =

Y p(I,GI Z,B) (10)

Rt 0= 1L =1 500 Y2k R S (25 151
FRE L OSIBL. SCBR KRR (10) O3 2
W R LU SSILN . o T HEE MRF 9 MPM i3}



850 Journal of Remote Sensing

ERFEIR 2013,17(4)

Marroquin ¢ A (1987) $ Hi T 1 A0 LAl 3153
 ARSCR AR E UG TN (10) I SR
HAA R HE (Comer 55, 2011) « BEITREBLRAE
for, FAKE () ML 25 5 138 R 502 ol 0 B i) 2 /K
APREE L(1) = {L(¢) =1, m} i LCo) WS
S L, B AL E *Tﬁiirﬂﬁ?ﬂil 5
1(0) , Ju,
limp(L(1) =1,G1 Z =2,L(0) =

1(0))=p(l,G 1 z,8) (11)
F 31 SRR TP AT 25 SR RE I 22 L R A
G se— A4t L B X
aﬁ{l’ AR (12)
| 0, # L(t) #I

Ay,
P(Lj ;}Zaz,j(ﬂa

KXrp, T HBEYLR AR VT R] L 1) S EL
HhRE5 L) MPM {1t

AR M-H (Metropolis-Hastings )34 %< 15 11 Fi
VLRI R T URFE(L, G), 53t T AT #3)
VR R RUGEACRAE T 250 J1 T A % sl 84

(OS5, X YFitssi L=1{L; j=1,

mi LLSEEE (1/m) 124 1 m | Hh BT B E
gy, AUGEARVHSUE L i HARR S ORFEAE o ik
b L7 ISR (1/7R) TEL T, ket IR, I 2
Fb:L;" # L, BU% L (BT 8

=1,Gl z,B) = Vi (13)

H(13)EP

Il»(ﬁf)““p[ B.-

Z.
- ]exp[— > (L L)
P NP,

a, (L, L~

) =mind1,

HP(BL)

{1, NP, 2y P (14535 Voronoi ZITEEES .

QB A e X MBI AE RS ES G=
[(u, v) eDsj=1, <, mi IR (1/m)7E]

m AT RN /), AR VGERBOE (w,, v) T HE
AR R R FFANAE o B AE R (™, v, " )TE 2T
ZNI P, S I RS — A B A AR
AR B 1 2 008 R AR 2 .,
(w;, o) RS

a(u.r;)( (uj5vj) ’ (uj* 71)/'* ) ) =
1 Z,
T |5
. P.e|P* PN *|(x,y) eP, (ﬂL) BL,
minq 1, 2

I z,

I T |-
PP PN (xy) P, (BL,,> ﬂLj

(15)

G =M B A B s o B Y AT AE SRR R
G=1{(u,v,) , =, (u,v), = (u,,v,), XT
A SRR, B SRR RIMR I D b 4 5 i e ik
HE RS FFRRIE N m+1, B (g o, U1 ") o fEBEA
BREGATRRH G =1 (uy, v,) , =, (u, ),
o (y, 0,) (U ™y v, ") o KIE(), G Y
i ik Voronoi |5y P = {P,",---, P," , P, |,

WER (s ™ Ve D ALTF P M (™ 0,0 ") 2R
JSOBT 2108 P, " AU AE Py KRR Z 0T

PLAERER (/R TET T, k| 3 EBEALELAE Sy £ i
B P, WL, o Bt EEirsh L =
{Ll*5 e, LT Lm* Lm+1*}a;H\:quj-m:‘F‘

’ i ’ ’

(14)

ol el Bt

[P" - P RS L L, | PR35 AT

g AN BTN AR B R E DA T RS 57
ag., (G,G")=min{1, R} (16)
X,
’ 1
exp. —Z./B. -
=]]_[1(]>_[P B pl-Z/B,.] )
" |
expl - Z,/B,
,1_[1<1_>[p B pl-2/B. ]

m+1 k
[Tew( 3 m@ L))/ Tew( X mlL))
J = P, * ePN* = P.* PN, *

[Tov(, 3, 70.50)/ Z vl Zw00)

(17)
B3R A S A 458 A 2 0 A S R A ) X £
Ve, Rt -

ag. (G,G") =min{l ,1/R}
3.2 EM S¥flitEi%

TSP IR M-H CRAE MRS B AT A
it AR EM B3 (Masuda 28, 2011; & f 85
FIEEE, 2011; 144 45 2011) 1% 2%, EM
SR L AR R R (A B B K 4R % ML(Maxi-
mum-likelihood)fhi 1{E . HE UK EAC 5 B 20 58 i ML
i E IR E AR R R, Wk B () N
TEHS 7 kA 9 240 B Al THE, Wiz &R B
OECEEEERa =R

QB.B(r-1))=

(18)



XA G5 FEF Voronoi JLATHI 43 F1 EM/MPM 5534 1) Z 40 SAR &4 731 851

Ellogp(ZI LB) | Z=z,8(7 - 1)] +
Ellogp(LI B) 1 Z=z,8(7 - 1)] (19)
TR 58 L iM% RS B oK, I 2 0%
AN A WL =5, B(7) M Rk
Q(B, B(m=1) ) 1331y, BF B (7)WL,
QB(r)B(r-1)) =2QB.B(r-1)) VB e
(20)
X, 0, o B IBE=S ], X @)RAK(19), %)
HORPIFBOZFEONE, WAl B(7) = (B(7),
B (1)) 1R,

Bir)= ——S L =11Zp(r-1)) Y Z

alN,(r) £, (x.y) P,

(21)
AP = Py L= 1 N(r) = S Np(L=11Z,
B(r=1)) ,N;=#Z,, \IT5MER 13RI R E
p(L;=11Z, B)WFPMERARTRER) o PIHA ST
KA)FE p(L;= 11 Z, ) BIMGTHE, IR
Q1), NI FFZ 5 B HIfhTTHEL

3.3 EM/MPM Ei%iiRig

EM/MPM #iE25 G2 T Fik EM fil MPM 5.
o Hoh MPM B3 FEG L EM BIEH T2
Bflitt . EM/MPM S S UL IR AT

S E B, ICH B(O) .

QRS B(r-1) , $4T T, KK MPM ik
(AR SCEEH R 500 1), AR (13) 13 4553 L
) MPM i1t

GYFIHZETEQ) 2 AR5 L (1) MPM A
AR QDR EIZE B HIfGTHEB(T) .

@)iR TR Q2), EEA RN BT 0 S AG R EEk
HSH B WA ENRE

4 SRR

R T B EAS SCEE AT AT PE RN A, 4 R
B4l SAR EIMG S 5L SAR G HEAT T 40 #1555

TS, A B 4 A i X80 5 A4 RUEE S
128x128 15 Z 1kl SAR [E1% . [ 2(a) Jo A Y
BEHLEMG A [R] B X Sl , Horb g5 1—5 340k
AR X, 22 1 81 4% [R5 X 3k Gamma
VIKiTE 38

TERI AL SAR BT A [ [R] 5T DX 380 % 7 fr)
Gamma 73 i RO S8R B T 85 0 #2385 19 508
2(0) s A B R R

(b) BEHLISARIAE

(a) JLAMTASEAR
K2 BEULER I A

®1 BHUEGERRXER Gamma 53754

EESE

e [F) 52 X 35
1 2 3 4 5
a 4 4 4 4 4
10 35 20 25 15

B FASO A LUBAF 2 2 TR R B MRF #42
RI Y™, B GR AR SCO7 2 M TR R 19 MRF
43#) 75 ¥ (Cao 45, 2005; Comer Fl Delp, 2000)43 51|
X 2(b)H R SAR FGEAT T 43 BS54
ZERILIE 3, FEARSCOE T b E EM S5 T
IR 100, 3R B MPM 43 E4 Ak fire i A Rk
Hh 500, [ 3(a)FNIE 3(b)53d R A SOy ik i
Voronoi ZHTENECHN 64 Ff i 1Y B 2 Voronoi Xl 43
45 (15— Voronoi ZTEHEHEHL /> BL—FP# @ik
1T B A1 Voronoi 22 1TE Kk 30) Fil B i 43 %)
5B 3(c) WA TFIRFE N MRF Bk /#1455, H
] 3(b) AL 3 (c)H 4% [ 5 IX 440 531 SRS Al 1A
BN AR X IR 2 K B B HEAT SR o 6T L 7 ol
Oy ENZERAT LRI, A SR SAR B 5
A ] I DR SR g b 4 1 Ok [) B A b L5 T 4%
) X3 30 5 (B S TR R MRF 7 ik 1 4 B 45
S BIRAE A A R T DX 345 28 K B - 4 Fn AR 3.
S AR, (H 2 H A R i XOR Ve o — e, JR
AE TR E M MRF B U5 8 T 4R R 2
T61] (R AF DG , VA 2 1 DXl P 14 2% ] M [X J5 45 X 4
ZIRIAHE SEFR , RN RE LR SAR MG BE i g 7
7 R LG 43 5 R o

o

(b) Fef sl
ES I

(o) Voronoilor (c) MRF4} 45 5



852 Journal of Remote Sensing % & 53Rk 2013,17(4)

722 B PIF AR AL T H A3 211 Gamma 4377 1)
RESHMETHE R S5METHREE. 53R 15100
S2PR Gamma 23 S B, W LR W, RSO A
AT LIRS B 53 B0 BG 18 AT DAAS 3 50 S fEAf 19 20 A
SR THE

®2 BRREERESHSHMGITERRRE

A i [X 48
P [] Jo DX 3k
1 2 3 4 5
. B. 10.05 33.64 20.04 24.62 15.12
AT
eg/ % 0.47 1.37 0.04 0.38 0.12
B. 11.27  35.37 16.18  24.38 12.50
MRF J7

eg/ % 1.27 0.37 3.72 0.62 2.50

R T ARG £ BE PEAG AR ST L 43 #1485 5, A8 3.
PRI 43R A8 BR R, AN 18] 4 (a), I B % 58 JE 2k
A3 5B INTE Fe 2 ) Voronoi K] 438 I AL SAR &
B o35 ULIE 4(b)FIFE 4(c)o MIET 4(b) T LAFE Hi )
JE DX 35 AT LA — 2 B 1Y Voronoi £ i1 TE 8L & fil
B, TR A 7 A R E A AR SR L TR g8
RAFHILG o T & 4(c) L 7 43 1 ] 5T IX a4 B 4k
FE GG BB INROR , Ui 53k m] DA 3R & 1 23
WIRERE o R A 1 458 400 AR BT 45 A X 22 T Y
Gamma 3 i Z U 228 K (HEE A5 9K Re 8 1 ff b
XA EAT, A SO AR B AR 38 1 X 43 A ][] JoT
X 38 ) g

(b) LA () BETRLLA

(a) [FlJ5R X Jsf 6 B
Voronoi Rl Ay BRI RS m

B4 BRGS0 B4 R BLSE DA

B 5 s AR S5 145 B A i B UL SAR &
) 5 X I AR R Gamma 53 A1 RUEE S50 B 197
b, Horfr C1—C5 27 5 2 JU 00 B 44 >R A A6
HROAHXS L B 25 o RT LA 4% [7] B X 3k ) Gamma
I3 I RO S BAR PO % A AR S E

TR B A AT B PR R AR R
U SAR GRS B G, SASCRE ik
TR MRF 503545 2 19 73 51 25 3 (181 3 (b) 1] 3
(NZ— R RIATIEHI LD FEXT L, TR BIR A
B, 8 e ) 3 5 R L L R S ALK
(3 3),

50 ¢
—1
451 —Q2
C3
40} C4
Cs
sfp
]
30
Q
25[
20 4
15 [k — —
10}!
5

0 50 100 150 200 250 300 350 400 450 500
AR
ks B 2Kk

x3 APRBEJRRBE.RBEMKappafE /%

[ 55 X 35
1 2 3 4 5
FAPORSE  99.61  99.06  99.63 99.12  99.22
AR FEEAEEE 99.94 99.20  99.42  99.84  98.41
I R 99.34
Kappa 0. 99
FPRSE 51.01 75.93  65.37  51.48  36.86
MRF  j=fiikERE 26.42  79.98  65.35  56.15  40.26
T B 44.59
Kappa 0.31

TR

ARTCHT, PR BE RN X 4 R 45 R b T A &

PR IR AN T2 BB PR E MR R,
R AR R 2R a RS HAH—BUr &
WER BAE I RAR R — MR R, I m 4 R
5ZH BB LPR ISR — S5, X FASC
Tiik B TR BERRFR IR 98% LA o AR 13RS B2
A LA B Y Kappa {8, B E S fE T =
UG Th AR T BT LAV A X A 26 R, T
W EH— RS RGBT BEC S BRI %G
TCEICZ R A S SR T 45 3L, 15 5% D S8 ot
BT 2 AR — KPS FER BT BB 51X
FP oy AR T BB BRI A 2 SR R 4
J3 319 . Kappa {H#E K, 43245 5 0Rg B &
AR PE A S Kappa=0.99, XF— /> F 88 1%
{Eik 0.8 LI F BRI RAE 402548 (Congaltonr Al Green,
2008), X FITAZZE M) MRF 435 )7 Bk BEAL
“h 44.59% , Kappa {E A 0.31, % Fo AT L & B4 3¢
S A R E RO HER T

TERET MPM 345 v Xl 4 i 238 A
Bom g RS H Z R LR m AT R



XA G5 FEF Voronoi JLATHI 43 F1 EM/MPM 5534 1) Z 40 SAR &4 731 853

B AT HEW R Z 3 8 X 0043 5 H 404 TR 5
X 4 £ i FE AR B8 Voronoi 230 435 191414
FH A SCHEAT T ASFERI G 2 38 A E (m 5y
IR Jy 48 .64 .80 .96 Fll 112)H9%F Fb Ay #1525, 1K
6 IR 500 Yk AT W AN Rl 9] 4 Voronoi £ i1 1K
()3 B AR me (28 Ak il 2 T, L o Al e R R 4R
WH s m A, M 6 7T LUK X TR R Y
WILGIE m, fEEARAG AT R, 2B EH m 1R
P W AG IS 2 — e (B, HoR 48055 1)
Voronoi ZTEA MR TRUEE . %t LR wI s
BB mAH, £87% 500 RIELH A Voronoi 5043
A 29 .30.36.35 133, SLEGAE R AR SR IL
SR H e/ B 1) Voronoi 22 31 TE UG TR i [X.
o RS U ) 1f 22 08 1A B0 R B A K
YN BCE AR /N, R, B AR AR SO R 4
J5 968 TRENL T, (H 2 % A T A &4 R
JE X 3 22 008 BB A B AR e . e Ah,
R A SO 2 % B 7 AR R 2.3 .4, IRl X
B NBCABICh 4.3.04 /3 E E S
RADARSAT- [ /Il SAR 3B EG 24T T 43 H1 525
8(a)—(c) MM Ay 4 FI 45 5L, 1 8(d)y—(f) ML
(1) 43 1 [R5 X s 2 I 8 (g)—() AT 8(Gy—() >
By i B FN R4 Voronoi X1 43 bz J5L 4 14145 & fin i)
5. MBS S5 T LIE H, R A SO X AN ]
AL ELSE SAR EME A EI IS T A0 350

120
m =48
10} m=64
100 + - m=80
90k m;=96
%0 m=112
g 70t
60k
50f
a0k
30k

20

050 100 150 200 250 300 350 400 450 500
BEARIRAEL
El6 500 WAt m AR {1k 2k

FEorEIE G

(@) 7K (OF: 3 OF: 1<
\ J/)
<3
%
)
(d) Fe Rk O 7t (D B

() fEERLR (h) FERLR OF 2]
Voronoil& i4EHn Voronoil& i3 Hn Voronoil& i3 Hn
T
o

) Sk (k) R L ) Sk
SR GNE  SUREROEN  SMRE RN

K8  FHIZ SAR BRI B R IEA

5 & #®

FEXIET XN GE T A4 3 FI 7 ik AT WESE, 42

H T —FP 454 Voronoi X4 K \EM/MPM . 1Y
Z AL SAR ER 7y HIT7 1%, 4 IR SAR &5
L SAR MR HEAT T 0 BISE5: , JF AL S i Ak T4
F I MRF 73 #1056 AT 168 b, 5 1 A 6 1
AR IE T A SCH 16 A RPE | AT S8 R R A
P TESEH b, #7761 o3 Z2 38 5L
WCE X R 0y 2 AR RS2 R S B, R BRI iR
Z NG A BN e 2 1 R 53 2 308 B A BULF- IR
SO, X AR B AR SOOI A3 i R E
BIRA SR 5 R ik T A H] Voronoi Z 1B &
(6] 5 DX A LA AR 1) P A 4Bl AU B3 T %
S A RS ARG I AR 5% A= S A e 7 B ) 45 A
MU Voronoi 211K BYIE A, BRI 7R BE 2845 100 T X
[vi) 5 DX 3 300 B Chn AR S 1 30 20) i 40 G 45 SR A L
Mo TEA T TAE b, % i ar gk — 25 4 e ) J5g Xk



854 Journal of Remote Sensing % /&

3R 2013,17(4)

2 B R BE T SRS N BRSBTS, ANk
THHA AT DLCAE Voronoi 2B B 35 W #1E , 25 Fh
ASTR] R 43 F AR I | Voronoi . Poisson A1 Leave %I
SRS B ARSI 5 78 PRAL v L Bt
AT AR A i ke [ o X iy S 40060k BE, 7E R R 1 L
VR E— 2018 S0 LU AN R A B3 10 3 M 5 A
T ARE Z A0 SAR KR4 R 8 I\ Gamma 77
MR AIRSEEE T HME, X — KPR ATEE R Z
(B AH F b 37 A O T A5 LAY A2, (H SEPR 145 90 2 (8]
AT SREG AR B A O, PRt 43 R iy i — 2B
FIRRSEL o 1R SEGHEATAG TR 78 1 SAR EMR
53 H.

23 30k ( References)

Cao Y, Sun H and Xu X. 2005. An unsupervised segmentation method
based on MPM for SAR images. IEEE Geoscience and Remote
Sensing Letters, 2(1): 55-58 [ DOI: 10.1109/LGRS.2004.839649 |

Comer M L and Delp E J. 2000. The EM/MPM algorithm for segmenta-
tion of textured images: analysis and future experimental results.
IEEE Transactions on Image Processing, 9(10): 1731-1744 [ DOI:
10.1109/83.869185 |

Comer M L, Bouman C A, De Graef M and Dimmons J P. 2011. Bayes-
ian methods for image segmentation. JOM Journal of the Minerals,
Metals and Materials Society, 63(7): 55-57 [ DOI: 10.1007/s11837
-011-0113-3]

Congaltonr G and Green K. 2008. Assessing the Accuracy of Remotely
Sensed Data: Principles and Practices. Boca Raton: CRC Press, 169
-190

Dong Y, Forster B C and Milne A K. 2003. Comparison of radar image
segmentation by Gaussian-and Gamma-Markov random field
models. International Journal of Remote Sensing, 24(4): 711 -722
[ DOL: 10.1080/0143116021000013322 ]

Dryden I L, Farnoosh R and Taylor C C. 2006. Image segmentation
using Voronoi polygons and MCMC, with application to muscle
fibre images. Journal of Applied Statistics, 33(6): 609-622 [ DOI:

10.1080/02664760600679825 ]

Green P. 1995. Reversible jump MCMC computation and Bayesian
model determination. Biometrika, 82(4): 711-732 [ DOI: 10.1093/
biomet/82.4.711]

Lee J S, Hoppel K W, Mango S A and Miller A R. 1994. Intensity and
phase statistics of multilook polarimetric and interferometric SAR
imagery. IEEE Transactions on Geoscience and Remote Sensing, 32
(5): 1017-1028 [ DOI: 10.1109/36.312890 ]

HHIUJ\H AR, EIERE. 2003, SETAABIEMEN SAR BRI EIT7 5.

EECER, 7(2): 118-124

Li Y and Li J. 2010. Segmentation of SAR intensity imagery with a
Voronoi tessellation, Bayesian inference, and reversible jump
MCMC algorithm. IEEE Transactions on Geoscience and Remote
Sensing, 48(4): 1872-1881 [ DOI: 10.1109/TGRS.2009.2033588 |

Marroquin J, Mitter S and Pojjio T. 1987. Probabilistic solution of ill-
posed problems in computational vision. Journal of the American
Statistical Association, 82(397): 76—89

Masuda Y, Tateyama T, Wei X, Zhou J Y, Wakamiya M, Kanasaki S, Fu-
rukawa A and Chen Y W. 2011. Liver tumor detection in CT
images by adaptive contrast enhancement and the EM/MPM algo-
rithm // Proceedings of the 18th IEEE International Conference on
Image Processing. Brussels, Belgium: IEEE: 1421-1424 [ DOL: 10.
1109/ICIP2011.6115708 ]

RIGele, £, X175, 2010. JEF DXIR MRF #1047 B A5 £ 75 (19 SAR
P43 ). B34, 38(12): 2810-2815

FWESE, HTE. 2010, ToH LI 5 B A KP4 SAR MR 4 #) 5 k.
b2 iR K774k, 36(7): 841-844

Wong A, Yu P, Zhang W and Clausi D A.2010. IceSynth II: synthesis of
SAR sea-ice imagery using region based posterior sampling. IEEE
Geoscience and Remote Sensing Letters, 7(2): 348-351 [ DOI: 10.
1109/LGRS.2009.2035136 ]

FARSE, BF. 2011, TSR AE
i, 154): 785-791

VEBAE, T 6, S0 ikl STARTE. 2010, BRSBTS R 735,
AL 244, 38(S1): 76-82

tRpRAe, o, SR 2011, BT EM B IR 0 A XAk
fETFRLVE BT k. TSR B 2A, 33(4): 977-981

KA, IRk, 2010. FT 45 Maxflow B354 K 5L SAR EIf% H
Fror il BT TR R 4R, 42(6): 764-768

pEERRS ZEA 2 Al S



BIEELTIES
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About the Cover

20105+ EHBERISBUSIEEEMR ( ChinaCover2010 )
The China National Land Cover Data for 2010 (ChinaCover2010)

2010 S E T EERERETUEIESE ( ChinaCover2010 ) HFERFRIEMSHFHIRMRAAKSEM 9 AN HEREAE , RA 30 m 25
SHRNTEE (H)-1A/1B ) 48 , FARSERKRES (FAO) NLCCSHE TR, MBTIERTPEERREN 38 - EW SRR, F
BEFBEFANEETLE. ERNRNBmSE. WEEASEHSHN 10 A MNFINFELURBASIERE S38EaI5E | 8UENEIAT 85%.
ChinaCover2010 EEE‘FE?‘EEB?& ﬁﬂﬁ%ﬁm & . FEEMERI M LR PSR RIS HIERATE R RIE 78RR | rlhs
E&EAINET AL SR ARG EREHRSTH. ( Rkt : http://www.chinacover.org.cn)

The China National Land Cover Data for 2010 (ChinaCover2010) has been completed after two years of team effort by the Institute of
Remote Sensing and Digital Earth (RADI), Chinese Academy of Sciences (CAS), together with nine other institutions’ participation. The HJ-
1A/1B satellite at 30 m resolution is main data source. Based on the landscape features in China, 38 land cover classes have been defined
using UN FAO Land Cover Classification System (LCCS). Super computers were used in the data preprocessing. An object-oriented method
and a thorough field survey (about 100000 field samples) were used in the land cover classification, with radar imagery as auxiliary data.
The overall accuracy of ChinaCover2010 is around 85%. Mainly based on domestic imagery, the products take advantage of various in situ
data and strict quality control. ChinaCover2010 is a good dataset for ecological environment change assessment and terrestrial carbon
budget studies. (Website: http://www.chinacover.org.cn)
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