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ABSTRACT

This paper presents a method for SAR image segmentation by

relying on active contour model with the non-local process-

ing principle [1]. The idea is to partition a SAR image via

computing the patch similarity in the SAR image non-locally,

and formulize the segmentation problem with an active con-

tour model. More precisely, after computing the statistical

features of SAR images, non-local comparisons between fea-

ture patches are used to calculate the active contour energy,

which is defined by integrating the interactions between pairs

of patches inside and outside the segmented region. A level

set method is finally used to minimize the non-local energy.

Compared with existing approaches for SAR image segmen-

tation, the only requirement of this method is a local similar-

ity between patches, and it is less sensitive to initial segmen-

tation. The experimental results show the effectiveness and

feasibility of the proposed method.

1. INTRODUCTION

Synthetic aperture radar (SAR) systems have been widely

used in remote-sensing application for many years due to its

advantage of strong penetrability and all-weather acquisition

capability. As one of the fundamental problems to understand

SAR data, the segmentation of SAR images is challenging

because of the speckle effects, which can be described by a

multiplicative noise model. This problem has been widely in-

vestigated in the literature [2, 3], among which active contour

models show many advantages.

The early works on this topic include the method pro-

posed by Germain et al. [4], where in order to segment a

SAR image, a likelihood ratio edge detector has been em-

ployed to localize the edges of the image and refine them sub-

sequently with the “snake model” [5] for achieving the final

result. Instead of evolving discretized curves, level set func-

tions has been proposed to solve the active contour model-

s [6]. The extension of this method to SAR image segmen-

tation includes [7]. Recently, in order to get a better seg-

mentation of SAR images, the energy function was modified

to achieve a stationary global minimum of the optimization

problem [8]. In [9], the Kullback-Leibler divergence of Edge-

worth was used instead to segment SAR images into homo-

geneous regions accurately. In [10], a multi-scale level set

approach was proposed for segmenting SAR images. How-

ever, these methods impose a global homogeneity to a SAR

image, meaning that the SAR image inside and outside the re-

gions to be segmented are homogeneous respectively, which

are usually not true for SAR images and the results are heavily

affected by speckles.

To overcome this problem, this paper proposes to use the

non-local active contour model [11] for SAR image segmen-

tation, which only requires a local homogeneity to the image,

in contrast to other methods. In particular, a non-local energy

is defined by using a pairwise interaction of features inside

and outside the regions to be segmented. In our context, the

pairwise interaction is calculated by evaluating the patch sim-

ilarity in a non-local way [1]. More precisely, each patch is

described by a logarithmic normal distributions and the patch

similarity is measured by the Kullback-Leibler divergence be-

tween the distributions. As we shall see, this method is robust

to speckles in SAR images.

The remainder of this paper is organized as follows. In

section II, we present the non-local active contour model for

SAR image segmentation. In section III, we show the experi-

mental results and conclude the paper in section IV.

2. A NON-LOCAL ACTIVE CONTOUR MODEL FOR

SAR IMAGE SEGMENTATION

In this section, we formalize the SAR image segmentation

problem via non-local active contours.

2.1. Non-local active contour model

Let f : Ω → R be an image, with Ω as the image grid and ∂Ω
as its boundary. The patch ps centered on s ∈ Ω is denoted

by ps(k) = f(s + k), k ∈ Ωτ = [−τ/2, τ/2]2, with τ to be

the width of the patch. Let C be a curve in the image domain

Ω to partition the image f into two parts: part inside C and

the part outside C. The basic idea of the non-local active

contour model [11] for segmentation is to evolve the curve C
that captures the objects of interest. With a level-set method,

the curve C is represented by the zero cross of the level-set

function φ : Ω → R, i.e. C = {s|φ(s) = 0}. The non-local

active contour model computes the segmentation of an image



f as a stationary point of the following optimization problem

min
φ

E(φ) + γ L(φ) (1)

where φ is the level set function. E(φ) is the the energy that

measures the dissimilarity inside and outside the contour C.

L(φ) is a regularization term and γ is a weight parameter to

balance the two terms.

The energy E(φ) is computed in a non-local way as

E(φ) =

∫ ∫

S×S

Gα(s− t) · d(ps, pt) ds dt

+

∫ ∫

Sc
×Sc

Gα(s− t) · d(ps, pt) ds dt, (2)

where ps and pt are the patches centered on pixel s and t
respectively. S and Sc denotes the regions inside and outside

the contour C respectively, with S
⋃

Sc = Ω and S
⋂

Sc =
∅. Gα(·) is a Gaussian kernel with the scale of α. The first

term of Eq.(2) measures the internal energy while the second

term measures the external energy.

For simplicity, the integration inside and outside the con-

tour C is implemented with a Heaviside function

H(u) =
1

2
+

1

π
arctan(

u

ε
), (3)

where the parameter ε should be small enough for a sharp

boundary.

Combining Eq. (2) and Eq. (3), we have

E(φ) =

∫ ∫

ρ
(

H
(

φ(s)
)

, H
(

φ(t)
)

)

·Gα(s− t) · d(ps, pt) ds dt (4)

where ρ is the indicator function defined as ρ(u, v) = 1 −
|u− v|, implying that only pairs of pixels for which φ has the

same sign are considered.

The segmentation region is penalized by the length of the

contour C as

L(φ) =

∫

‖∇H(φ(s))‖ ds. (5)

Combining Eq. (1), Eq. (4) and Eq. (5), one can obtain

the optimization function, the minimization of which can be

achieved by using an iterative scheme proposed in [11].

2.2. Pairwise patch interaction

The left problem is how to compute the pairwise patch in-

teractions in the context of segmenting SAR images. The

pairwise patch similarities has been recently investigated by

Deledalle et al. [12], which shows that the statistical distri-

bution characteristics perform the best among others on SAR

images.

There are many probabilistic distribution functions avail-

able to describe SAR images, such as the logarithmic nor-

mal distribution, Rayleigh distribution, Gamma distribution,

K distribution, G0

A distribution, etc [13]. Though the loga-

rithmic normal distribution is a simple statistical model for

SAR images, our experiments show that it is efficient enough

for many SAR image segmentation in our context.

The pixels in image patches are described by the logarith-

mic normal distribution [13], defined as

g(z) =
1√
2πσz

exp
(

− (ln z − µ)2

2σ2

)

, (6)

where z is the intensity of the pixels, µ and σ are the average

and the variance of the logarithmic image patch respectively.

After the parameter µ and σ of each patch are estimated,

the distribution of pixels in the patch could be obtained by

Eq. (6).

Given two patches ps and pt centered on s, t ∈ Ω, the

Kullback-Leibler divergence between them is implemented as

d(ps, pt) =

∫

gs(z) · log
gs(z)

gt(z)
dz, (7)

where gs(z) and gt(z) denote logarithmic normal distribu-

tions, the features of the patch ps and pt respectively. Consid-

ering the dissymmetry of d(ps, pt) and d(pt, ps), we rewrite

Eq. (7) by

d(ps, pt) =

∫

gs(z) · log
gs(z)

gt(z)
dz

+

∫

gt(z) · log
gt(z)

gs(z)
dz, (8)

From Eq.(6) and Eq.(8), we have

d(ps, pt) =
1

2

(

σ2

s

σ2
t

+
σ2

t

σ2
s

)

+
(µs − µt)

2

2
·
(

1

σ2
s + σ2

t

)

,

(9)

where µs and µt (σs and σt resp.) are the average (standard

derivation resp.) of the logarithmic image patches log ps and

log pt. This divergence is close to zero if the two patches are

similar, and it is large if the two patches are dissimilar.

3. EXPERIMENTAL RESULTS

This section evaluates the proposed method on three kinds

of real SAR images. The first includs three MSTAR SAR

images of tanks. The second is an X-band Cosmo-Skymed

SAR image with a spatial resolution of 3m. The last one is

a C-band ENVISAT SAR image with a spatial resolution of

30m. The proposed method is compared with that in [8].



Fig. 1. Results on three MSTAR SAR images. From left to right: the original images, the results of [8] and our results.

3.1. MSTAR tank extraction

This experiment tests the proposed method on three MSTAR

SAR images for tank extraction. The patch width τ is set to

be 5 and the non-local region width q is set to be 51. Thus,

γ is set to be 5

n×q2×τ2 = 1

13005n
, with n as the number of

pixels in images. The evolution of the contour is not sensitive

to the initialization, and usually converges to the boundary of

the object after about 50 iterations. Fig.1 shows the results of

MSTAR SAR images. The left column displays the original

images, the middle column shows the segmentation results of

the method in [8] and the right column illustrates the result-

s of the proposed approach. We can see that in the results

of [8], some small regions are segmented to be objects duo

to speckles, while the proposed method extracts out the tanks

excellently and are more robust to speckle. This is mainly

because we use the similarity of patches instead of pixels.

3.2. Pond extraction

In this experiment, a 500 × 500 Cosmo-Skymed SAR im-

age which contains a pond is used to validate the proposed

method. The patch size τ is set to be 9. The non-local region

size q is set to be 101. γ is set to 5

n×q2×τ2 , with n as the num-

ber of pixels in images. The results are shown in Fig. 2. The

left column shows the original image of a pond, the middle

column displays the segmentation result of [8] and the right

column provides our result. In the segmentation result of [8],

a lot of small regions in the homogenous areas are segmented

to be object. However, in our result, the pond are detected out

successfully.

3.3. Oil spill extraction

The proposed method is also tested on a 500×500 ENVISAT

ASAR image which contains oil spills. We use the same pa-

rameter settings as for the Experiment B. Fig. 2 illustrates

the results. The left column gives the original SAR image of

oil spill, the middle column displays the segmentation result

of [8], and the right column shows our result. In the segmen-

tation result of [8], many regions in oil spill are not extracted

but our method gives much better result, which proves that

the proposed method is promising to for the oil spill detection

problem.

4. CONCLUSION

This paper has presented a method of SAR image segmen-

tation via non-local active contour which is focusing on the

feature of patches and the metric of similarity of patches in

SAR images. The experimental results show that proper fea-

ture and metric of similarity are very important in SAR im-



Fig. 2. Segmenting SAR images of a pond (top) and oil spill (bottom). From left to right: original image, result of [8] and our

result.

ages segmentation. In the future work, we will extend the

proposed method to multi-polarization SAR images.
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