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ABSTRACT

Automatic interpretation of synthetic aperture radar (SAR) images
requires automatic segmentation of these images. Image segmen-
tation is a fundamental problem in computer vision, particularly
difficult with SAR images because of the presence of strong, mul-
tiplicative speckle noise. The purpose of this study is to investigate
a novel algorithm for segmenting a synthetic aperture radar (SAR)
image into a fixed but arbitrary number of Gamma-homogeneous
regions. This unsupervised algorithm is based on active contours
and consists in evolving closed simple planar curves to minimize
a criterion containing a term of conformity of data to a model of
SAR image intensity and a term of regularization. The curve evo-
lution equations are implemented via level sets for numerical sta-
bility and to allow variations in the topology of the curves during
their evolution. Examples are given using real SAR images.

1. INTRODUCTION

Segmentation is a fundamental problem in synthetic aperture radar
(SAR) image automatic interpretation. Due in part to the presence
of speckle, which can be modeled as strong, multiplicative noise,
segmentation of SAR images is generally acknowledged as a dif-
ficult problem. This problem has been widely studied and a large
number of methods have been proposed. By and large, most of
these methods implement traditional views of segmentation based
on schemes such as contour detection, histogram thresholding, and
region growing, with a particular concern for proper modeling of
speckle [1] [2] [3] [4] [5]. Such schemes instantiate mostly local
operations and thus lack the robustness and tractability of recent
variational methods, particularly those based on curve evolution
and level sets which have been applied mainly to optical images [6]
[7] [8] [9] [10] [11]. For SAR images, a classical snake model [12]
is used in [13] [14]. In this region-based scheme, a contour is iter-
atively deformed to locate the boundary of the object, guided by a
statistical criterion and it was shown to improve the traditional LR
filter. The classical active contour model presents, however, sev-
eral limitations. In particular, it is sensitive to initial contour place-
ment and, most importantly, it cannot handle topological changes
of the curves during their evolution. In this study, we use active
curve evolution via level sets [15] to segment SAR images into
a fixed but arbitrary number N of Gamma-homogeneous regions.
Level-sets have the significant advantage of allowing, in a natural
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and numerically stable manner, variations in the topology of ac-
tive curves. We first present a SAR image model representative
of speckle noise. A two-region active contour evolution formula-
tion and its level set representation is then described that uses this
model. Finally, we extend the formulation to multiregion segmen-
tation by stating the N -region segmentation problem as a mini-
mization of N − 1 two-region energy functionals. Examples on
synthetic and real SAR images are given.

2. FORMULATION

Let I : Ω → R
n be the intensity SAR image to be segmented,

defined on Ω ⊂ R
2. The goal of the segmentation process is to

derive a partition of the image domain from the image I , i.e., a
family R = {Ri}i∈[1,N ],Ri ⊂ Ω of N subsets of Ω such that
they are pairwise disjoint Ri ∩ Rj |∀i6=j = ∅ and cover the image
domain, ∪N

i=1Ri = Ω, each region being homogeneous with re-
spect to some image characteristics. We model the image in each
region Ri, (i ∈ [1, N ]) by a Gamma distribution of mean intensity
µi and number of looks L:

Pµi,L(I(x)) =
LL

µiΓ(L)

(
I(x)

µi

)L−1

e
−

LI(x)
µi (1)

The image in each region Ri, (i ∈ [1, N ]) is, therefore, character-
ized by its mean µi and the number of looks L, which we take to
be the same for all regions.

2.1. Two-region segmentation

In this section, we consider the problem of segmenting an image
into two regions. The formulation to be presented will subse-
quently be generalized to segmentation into a fixed but arbitrary
number of regions.

Let R1 and R2 = Rc
1 be a partition of the image domain into

two regions. Assuming that I(x) is independent of I(y) for x 6=
y, the problem is to determine the regions which maximize the
likelihood:

L(R1,R2|I) =
∏

x∈R1

Pµ1,L(I(x))
∏

x∈R2

Pµ2,L(I(x)) (2)

Maximizing L is equivalent to minimizing − log(L). If we esti-
mate µi by the average of I inside Ri, i = 1, 2, i.e., if we take:

µi =

∫
Ri
I(x) dx

∫
Ri
dx

i = 1, 2 (3)
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then, using model (1), and following some algebraic manipula-
tions, we obtain:

− log(L(R1,R2|I)) = L(a1 log µ1 + a2 logµ2) + c (4)

where c is a constant which depends only on the image and the
number of looks and, therefore, is independent of the segmenta-
tion, and ai is the area of Ri i = 1, 2:

ai =

∫

Ri

dx i = 1, 2 (5)

The problem to solve becomes to determine R1, with R2 = Rc
1,

to minimize
D = a1 logµ1 + a2 logµ2 (6)

This criterion is the same as defined by the LR filter for edge de-
tection and used in [5] to merge regions. We note that the means
and areas depend on the segmentation and, consequently are to be
estimated along with the segmentation process by (3) and (5).

2.1.1. Solution by curve evolution

To solve the problem stated by Eq. (6), we consider a simple closed
planar curve ~γ(s) : [0, 1] → Ω parameterized by arc parameter
s ∈ [0, 1], and we associate its interior to region R1: R1 = R~γ .
The Euler-Lagrange descent equations corresponding to D is ob-
tained by embedding the curve ~γ into a family of one-parameter
curves ~γ(s, t) : [0, 1] × R

+ → Ω and solving the partial differen-
tial equation:

d~γ

dt
= −

∂D

∂~γ
(7)

where ∂D
∂~γ

denotes the functional derivative of the functional D
with respect to the curve ~γ. The segmentation is defined by the
region R1 at convergence, i.e, when t→ ∞. We have:

∂D

∂~γ
=

∂(a1 logµ1 + a2 logµ2)

∂~γ
(8)

=

(
logµ1

∂a1

∂~γ
+
a1

µ1

∂µ1

∂~γ
+ logµ2

∂a2

∂~γ
+
a2

µ2

∂µ2

∂~γ

)

Using the result in [6] which shows that, for a scalar function f ,
the functional derivative with respect to curve ~γ of

∫
R~γ

f(x)dx is
∂

∂~γ
F(~γ) = f(x)~n(x), where ~n is the external unit normal to ~γ,

we have:
∂a1

∂~γ
= ~n

∂a2

∂~γ
= −~n (9)

and, with s1 =
∫
R1
I(x) dx and s2 =

∫
R2
I(x) dx, we also have:

∂µ1

∂~γ
=

∂

∂~γ

(
s1

a1

)
=
a1∇s1 − s1∇a1

a2
1

=
(I − µ1)

a1
~n

∂µ2

∂~γ
=

∂

∂~γ

(
s2

a2

)
=
a2∇s2 − s2∇a2

a2
2

= −
(I − µ2)

a2
~n

(10)

Note that the rightmost minus signs in the equations above are due
to the fact that ~n being the external unit normal to R1, the external
unit normal to its complement R2 is −~n. By substituting Eqs. (9)
and (10) into Eq. (8) and after some algebraic manipulations we
arrive at the evolution equation for curve ~γ:

d~γ

dt
= −

(
log

µ2

µ1
+ I

µ1 − µ2

µ1µ2

)
~n (11)

which will define the segmentation at convergence, i.e, when t →
∞. To obtain a smooth solution curve and avoid the occurrence of
small, isolated regions in the final segmentation, a regularization
term, R, is added to the data related functional D. This term is
often given in the terms of the length of the boundary of R1. For
instance, R is often taken to be, in terms of ~γ:

R = λ

∮

~γ

ds (12)

where λ is a real positive constant. The derivative of R with re-
spect to ~γ is:

∂R

∂~γ
= −λκ~n (13)

where κ is the mean curvature function of ~γ. With this regulariza-
tion term, the final evolution equation for ~γ is:

d~γ

dt
= −

(
log

µ2

µ1
+ I

µ1 − µ2

µ1µ2
+ λκ

)
~n (14)

2.1.2. Level-set implementation

We use the level-set formalism [15] to implement the evolution
Eq. (14). A level-set representation of curve evolution is much
more efficient than an explicit representation which explicitly dis-
cretize ~γ using a set of points, as with classical snakes. Indeed,
there are several problems with an explicit representation of ~γ.
First, curve topological changes, which occur during evolution,
are difficult to effect. Second, the result depends strongly on the
parameterization and small errors in the representation can be sig-
nificantly amplified during evolution. In contrast, a level-set rep-
resentation allows topology changes in a natural way, and can be
implemented by stable numerical schemes. The idea is to repre-
sent implicitly curve ~γ as the zero level of a function φ : R

2 → R,
i.e, ~γ = {x|φ(x) = 0}. One can show [15] that if the evolution of
~γ is described by the equation:

d~γ(s, t)

dt
= F (~γ(s, t), t)~n(s, t) (15)

where F is a real-valued function defined on R
2 × R

+, the evolu-
tion equation of function φ, with the convention that φ > 0 inside
the zero level-set, is given by:

∂φ(t,x)

∂t
= F (t,x)‖~∇φ(t,x)‖ (16)

In our case, the level set evolution equation corresponding to (14)
is given by:

∂φ

∂t
= −

(
log

µ2

µ1
+ I

µ1 − µ2

µ1µ2
+ λκ

)
‖~∇φ‖ (17)

The curvature is computed in terms of the level set function by:

κ = div

(
∇φi

|∇φi|

)
(18)

Discretization of level-set equation is detailed in [15]. We
should note that this evolution equation is only valid for points
on the curve x ∈ ~γ. However, we can extend this equation for the
evolution of φ over Ω.
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2.1.3. Examples of results

To verify the SAR image intensity model, and the two-region seg-
mentation algorithm, we first use a synthetic image with speckle
noise. It consists of two regions. One of the regions, which has
two disjoint components, is to be segmented against the other by a
single active curve the initial position of which is shown overlaid
on the original image in Figure 1a. Figures 1b and 1c show an
intermediate and the final position of the curve, Figure 1d displays
the computed segmentation.

Fig. 2 illustrates the segmentation ability of the algorithm on an
ERS-1 intensity 1-look real SAR image of an agricultural scene.
Fig. 2a) shows the original image and the initial curve; b) and c)
show two intermediate steps during the evolution of the curve; d)
contains the final segmentation; e) is one of the regions of segmen-
tation against a black background and f) the other region against a
white background. This two-region segmentation example shows
the ability of the algorithm to give accurate edge location although
edges are not well defined because of the presence of speckle.

a) b)

c) d)

Fig. 1. Synthetic speckled image of 2 regions with ρ = 1.7 a)
initialization, b),c) evolution and d) final segmentation.

2.2. Multiregion segmentation

To segment an image into several regions by means of active con-
tours, we can assign a different contour to each region, and then
allow each contour to evolve [8] [7] [10] [9]. Here, we follow
our formulation in [9] and which we used to segment optical im-
ages. In [9], intensity in the regions of segmentation are modeled
by Gaussians. Here, of course, and as in the two-region segmenta-
tion, we use the model described by (1), which is a more accurate
model of image intensity with speckle noise.

Let ~γi|i=1,...,N−1 be a family of curves, their interior defining
regions Ri|i=1,...,N−1. Region RN will be formed by the inter-
section of the exteriors of all curves:

RN =

N−1⋂

i=1

R
c
i (19)

We will derive a family of evolution equations for the curves
~γi, i = 1, . . . , N − 1 to obtain, at convergence, a segmentation

a) b) c)

d) e) f)

Fig. 2. A SAR image : two regions a) initialization; b) ,c) two
steps in the curve evolution; d) final segmentation; e) one of the
two regions of segmentation on black background; and f) the other
region on white background.

intoN regions, and the parameter of model (1) in each region, that
best describe the SAR image. These evolution equations follow a
formulation of image segmentation as a clustering problem under
spatial constraints [9].

For simplicity of notation let ei(x) = − logPµi,L(I(x)), i =
1, ..., N − 1, where Pµi,L is the SAR intensity model defined in
(1). Following the view of image segmentation as a problem of
clustering under spatial constraints of the image intensity values,
described by model (1) within each region of segmentation, we
define N − 1 energy functionals, each corresponding to a curve
~γi:

EΩ(~γi|I) =

∫

Ri

ei(x) dx +

∫

Rc
i

ψi(x) dx + λ

∮

~γi

ds (20)

where ψi(x) = minj 6=i(ej(x)).
Segmentation of the image is obtained from the following set of

simultaneous minimizations, each involving two regions, namely,
the interior of a curve and its complement.





Ri = arg min
R̃i

(EΩ(~γi|I)) , i ∈ [1, N − 1]

RN =

N−1⋂

i=1

R
c
i

(21)

The evolution equations of curves ~γi, i = 1, ..., N − 1, for the
minimizations (21) are:

d~γi

dt
(x)|x∈~γi

= − (ei(x) − ψi(x) + λκi(x))~ni(x) (22)
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and the corresponding level set equations are:

∂φi(x, t)

∂t
= − (ei(x) − ψi(x) + λκi) ‖~∇φi(x, t)‖ (23)

2.2.1. Example of results

The multi-region segmentation method is illustrated on the high
speckle noise 1-look real SAR image of an agricultural area,
shown in Figure 3a. We segment the image into three regions (vi-
sual inspection indicates three regions). The initial curves (in red
and green) are shown in 3a, and the curves at convergence in 3b.
The computed segmentation into three regions is shown in 3c, and
each of the three regions of segmentation in 3d, 3e, and 3f.

a) b) c)

d) e) f)

Fig. 3. A SAR image with three regions: a) original image and
initial curves; b) the original images and the computed curves at
convergence; c) computed segmentation; d), e), f) Each of the three
regions of the computed segmentation.

3. CONCLUSION

We presented a curve evolution algorithm for segmenting a syn-
thetic aperture radar (SAR) image into a fixed but arbitrary number
of Gamma-homogeneous regions. This unsupervised algorithm is
based on active contours and consists in evolving contours in order
to minimize a criterion derived from a statistical framework. The
evolution equations of contours were effected via level-sets evo-
lution equations for a numerically stable implementation which
allows changes in the topology of the curves during their evolu-
tion. The algorithm was illustrated on examples of segmentation
of synthetic and real SAR images.
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