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Abstract—This letter presents a precise and rapid clustering
method for synthetic aperture radar (SAR) images by embedding
a Markov random field (MRF) model in the clustering space and
using graph cuts (GCs) to search the optimal clusters for the
data. The proposed method is optimal in the sense of maximum
a posteriori (MAP). It automatically works in a two-loop way: an
outer loop and an inner loop. The outer loop determines the cluster
number using a pseudolikelihood information criterion based on
MRF modeling, and the inner loop is designed in a “hard” membership expectation–maximization (EM) style: in the E step, with
fixed parameters, the optimal data clusters are rapidly searched
under the criterion of MAP by the GC; and in the M step, the
parameters are estimated using current data clusters as “hard”
membership obtained in the E step. The two steps are iterated until
the inner loop converges. Experiments on both simulated and real
SAR images test the performance of the algorithm.
Index Terms—Graph cuts (GCs), image clustering, Markov
random field (MRF) model, synthetic aperture radar (SAR).

I. I NTRODUCTION

W

ITH MORE and more synthetic aperture radar (SAR)
sensors being used, the volume of SAR images rapidly
increases. To effectively make use of these huge image data,
fast and unsupervised image analysis algorithms will be very
helpful and crucial. Motivated by these, this letter suggests a
clustering method for SAR images, which rapidly and automatically works.
Clustering is a widely used approach for data analysis in
feature space and can be applied to image segmentation, where
it is also named unsupervised image segmentation. However,
due to the assumption that pixels are spatial independent in the
image space, the classical clustering methods [e.g., K-means
and fuzzy c-mean (FCM)] and their variations [1] fail on SAR
images, which have very low “SNR” because of their typical
speckle signals.
A Markov random field (MRF) model provides an effective technique to impose local spatial information. Unsupervised MRF (USMRF)-based segmentation methods combine

the local spatial information with the model-based clustering approach [2]–[8] and can increase the segmentation precision. However, the MRF-based methods always convert
the segmentation problem to a combinational optimization
task, which is computationally expensive, even by using
some accelerating scheme [e.g., simulated annealing (SA)].
Thus, many MRF-based clustering methods are a tradeoff between the accuracy and the computational complexity of the
segmentation.
Aiming at both improving the clustering accuracy and easing the computational burdens, this letter suggests a clustering method for SAR images by embedding an MRF model
in the image space of the classical clustering methods, and
using a recent multilevel graph cut (GC) [9]–[11] algorithm
to effectively compute the optimal clusters for the data. The
proposed algorithm works in a two-loop way: an outer loop and
an inner loop. The outer loop determines the cluster number
using a pseudolikelihood information criterion (PLIC) for MRF
modeling. In addition, the inner loop is designed in a “hard”
membership expectation–maximization (EM) style: in the
E step, with fixed parameters, the optimal data clusters are
rapidly searched under the criterion of maximum a posteriori
(MAP) by the GC; and in the M step, the parameters are
estimated using current data clusters obtained in the E step with
“hard” cluster membership. The two steps are iterated until the
two loops converge, respectively. To justify the efficiency of the
proposed clustering approach, we compare it with traditional
USMRF-based SAR image segmentation method and the classical clustering method, i.e., K-means.
The remainder of this letter is organized as follows. In
Section II, the basics of the clustering criterion for SAR images
are recalled and summarized. The multilevel GC algorithm is
briefly described in Section III, and the proposed clustering
method is presented in Section IV. In Section V, experimental
results on real and simulated SAR images are presented and
analyzed. Section VI gives our conclusion.
II. C LUSTERING C RITERION FOR SAR I MAGES AND MRF
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In this section, first, with the assumption that the cluster
number K is known, we recall the clustering criterion for SAR
images. A SAR image on a rectangular pixel lattice S, containing a set of pixels Y = {ys , s ∈ S}, will be summarized into
K clusters, with the kth cluster modeled by some parameter
θ k . Thus, the entire set of clusters can be described by Θ =
{θ k , k = 1, 2, . . . , K}, and every pixel ys will be assigned a
cluster label xs ∈ {1, 2, . . . , K}. Let X = {xs , s ∈ S} denote
the labeled image, and W = (X, Θ) denote a world state of the
observed image Y . Therefore, the clustering is to pursue W ,
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given the SAR image data Y , according to minimizing some
criterion function J(W, Y ), i.e.,
 = arg min J(W, Y ).
W
W

(1)

The clustering method based on maximum-likelihood estimate (MLE) formulates J(W, Y ) as
J(W, Y ) = −log (P (Y |X, Θ))

(2)

where P (Y |X, Θ) is the conditional probability of Y , given
X and Θ. For instance, K-means and FCM are the classical
MLE-based clustering methods.
Without considering the spatial relationship between adjacent pixels, the MLE-based methods are context free. That
is to say, they take the labeled image as unified distribution.
Therefore, the MLE-based methods generally cannot obtain
good clustering results on SAR images because of the typical
speckle signals in the images. To deal with SAR images, the
cluster methods based on the criterion of MAP are usually used,
which formulate J(W, Y ) as
J(W, Y ) = −log (P (Y |X, Θ )) − log (P (X, λ))

(3)

where P (X, λ) is a prior probability on X, λ is the parameter
for modeling X, and Θ = {Θ , λ}. An effective prior knowledge is the spatial consistency in the labeled image space, which
can be conveniently described by an MRF model [2], [3] as



Vc (X)
(4)
P (X = x, λ) ∝ exp λ
c∈C

where C is the clique set defined on the neighborhood system
∂x, and Vc (x) is the potential function on clique c. In this way,
the spatial relationship between adjacent pixels in the labeled
image X is plugged in the clustering process of the observed
image data Y .
On the other hand, it is well known that the Gamma distribution provides a good model for SAR intensity data [14].
Therefore, we suppose that each pixel of SAR image ys is
conditionally independent of all other pixels, conditioned on the
knowledge of cluster label at that pixel xs and satisfies gamma
distribution. Formally, we have

P (ys |xs , σxs )
(5)
P (Y |X, Θ ) =
s∈S

1
P (ys |xs , σxs ) =
Γ(L)



L
σxs

L
ysL−1


Lys
exp −
σxs

(6)

where L is the number of looks of the SAR image, and the
parameters Θ = {σi , i = 1, 2, . . . , K}.
In this letter, to handle the spatial information in the labeled
image, we use the Potts model [15], i.e.,


 

P (X = x, λ) ∝ exp λ
Vpq (xp , xq )
(7)
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be similar, whereas λ > 0 would mean that neighboring pixels
tend to be dissimilar. If λ = 0, then the pixels in X are independent, and P (X = x, λ) tend to be a uniform distribution.
In (7), the sum is over all neighbor pairs {p, q}. This leads to
the following conditional distribution:

 
exp λ xt ∈∂xs Vts (xt , k)
P (xs = k, |∂x, λ) = K
 
.
xt ∈∂xs Vts (xt , m)
m=1 exp λ
(8)
Therefore, in this letter, the clustering criterion on a SAR
image can be written as

Lys
L log σxs − (L − 1) log ys +
J(W, Y ) =
σxx
s∈S

Vpq (xp , xq ). (9)
−λ
{p,q}∈C

III. E NERGY M INIMIZATION BY THE GC S
With a known cluster number K, the clustering method has
to pursue the minimization of J(W, Y ), which can be taken
as an energy minimization problem. Equation (9) shows that
J(W, Y ) is nonconvex, and minimizing this energy is NP-hard
[11]. Here, we use the GCS [9]–[11], a global optimization
algorithm, to minimize J(W, Y ).
GC has been widely used in computer vision in the recent years and has become extremely popular for image
segmentation.
The most effective GC algorithm for minimizing (9) is the αexpansion move algorithm [9]. For a cluster α and an arbitrary
set β ⊂ S, we will define xβ←α
= α, if s ∈ β, and xβ←α
=
s
s
xs otherwise. That is to say, when we go from x to xβ←α , the
pixels in the set β acquire the cluster α and all other pixels in S
remain the same. This is called α-expansion move from x.
Reference [9] shows that the GCS can be used to efficiently
find the best α-expansion move. The expansion move algorithm
of [9] iteratively works: given an input labeling, it picks a
cluster label α and uses the GCS to find the best α-expansion
move, and moves to that cluster if it decreases the energy.
The expansion move algorithm is actually an approximation
algorithm, in which it guarantees that the solution lies within
a constant factor of the global minimum. The constant factor is
at least 2 and depends on the energy function. More details on
this algorithm can be found in [9].
IV. R APID AND A UTOMATIC MRF (RAMRF)
C LUSTERING A LGORITHM
In this section, we detail the main proposed RAMRF embedded clustering method. First, we describe the PLIC, an
approximation to Bayes factor (BF) [12], used to validate the
cluster number of the image in this letter. Second, an effective
scheme for parameter estimation and initialization is presented.
Then, the main clustering algorithm is presented.

{p,q}∈C

with Vpq (xp , xq ) = 1, for xp = xq , and Vpq (xp , xq ) = 0 otherwise. The parameter λ expresses the degree of spatial homogeneity in X. λ < 0 means that neighboring pixels in X tend to

A. PLIC
One way to validate the cluster number is to use an approximate BF [13]. PLIC, which is proposed by Derek and
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Adrian [12], is an approximation of BF based on the pseudolikelihood for the MRF modeling.
 be the estimation of W ,
 = (X,
 Θ)
 with Θ
 = (Θ
 , λ)
Let W
given the cluster number K. Then, according to [12]
 log (|S|)
PLIC(K) = 2 log (LMRF (Y |K)) − |Θ|

(10)

where |f | is the cardinality of f , and LMRF (Y |K), as shown as
 and K, based
follows, is the pseudolikelihood of Y , given W
on the MRF modeling:

 K)
P (ys |∂
xs , Θ,
LMRF (Y |K) =
s∈S

=



K


(a) Randomly draw N , N  2, samples {yS1 , . . . , ySN }
from Ym .
(b) Push ymin = min{yS1 , . . . , ySN } into ∆1 and
ymax = max{yS1 , . . . , ySN } into ∆2 .
(c) Repeat (a) and (b) M times.
 (0) , i.e.,
3) Compute the initialization of Θ
K
(0)

σ
i,K = σ
i,K−1
∀i ∈ {1, 2, . . . , K − 1} − {m}

(0)
σ
m,K =
ys /M
ys ∈∆1
(0)

σ
K,K =



ys /M.

(13)

ys ∈∆2


P (ys |
xs = k, σ
k )P (
xs = k|∂
xs , λ)

s∈S k=1

(11)
 are computed,
xs = k, σ
k ) and P (
xs = k|∂
xs , λ)
where P (ys |
respectively, by (6) and (8).
The PLIC adopts a sequential approach to choose K to
maximize (10) [12]. It begins by computing PLIC(K) for K =
1, and then increases the value of K. At each step, as it incrementally increases K from K − 1, it compares PLIC(K) with
PLIC(K − 1) and takes the first local maximum of PLIC(K)
to be the choice for the number of clusters K.
B. Estimation of Θ
In the inner loop, the parameters Θ = (Θ , λ), with Θ =
{σk , k = 1, 2, . . . , K}, must be estimated. According to (6), the
MLE of σk can be written as

ys u(
xs , k)
σ
k = s∈S
,
k = 1, 2, . . . , K
(12)
xs , k)
s∈S u(
where u(i, j) = 1 for i = j, and u(i, j) = 0 otherwise, and
 = {
Θ
σk , k = 1, 2, . . . , K}.
To estimate λ from X, we use the algorithm proposed by
Derin and Elliot [15], which needs not only to solve linear
equations but also provide very accurate results.
C. Initialization of the Cluster Parameters
As an iterated approach, the RAMRF clustering method is
sensitive to the initial cluster parameters Θ. Here, we present
an effective parameter initialization scheme, according to minimizing the inner variance of the clusters.
We suppose the image Y to be summarized into K
clusters, with the kth cluster written as Yk = {ys |xs = k,
 K = {
σ1,K ,
s ∈ S}, where k = 1, 2, . . . , K. Moreover, let Θ
K } denote the final estimation of Θ, and
σ
2,K , . . . , σ
K,K , λ
var(Yk ) denote the variance of Yk . Therefore, the scheme to
(0)
(0)
(0)
(0)
(0) }, the ini (0) = {
obtain Θ
σ1,K , σ
2,K , . . . , σ
K−1,K , σ
K,K , λ
K
K
tial estimation of Θ, is as follows.
1) Find the cluster m from the K − 1 clustering results,
where m = arg max{1,2,...,K−1} var(Yk ).
2) Sample in the mth cluster Ym to establish two sets ∆1
and ∆2 for initializing parameters.

 is computed from the
When K = 1, the initialization of Θ
(0)

whole image Y , and λK = 0.5 is experimentally selected.
This initialization scheme imposes the parameter estimation
 K−1 to iteratively compute Θ
 K , according to minimizing the
Θ
inner variance of the clusters.
D. RAMRF Clustering Algorithm Flow
The proposed RAMRF clustering method is designed in a
two-loop way.
1) Outer loop: The outer loop determines the cluster number using the PLIC. In every iteration of this loop, first, it
 as described in Section IV-C, then updates the W

initializes Θ,
by the inner loop until convergence, and finally computes and
compares PLIC(K) with PLIC(K − 1) for choosing the first
local maximum of PLIC(K) to end the outer loop.
2) Inner loop: The inner loop is to estimate the optimal
 under fixed cluster number K and is designed in a “hard”
Θ
membership EM style: in the E step, with fixed parameters,
the optimal data clusters are rapidly searched, minimizing (9)
by the GC, under the criterion of MAP; and in the M step,
the parameters are estimated, as described in Section IV-B,
using current data clusters obtained in the E step with hard
membership. The two steps are iterated until the inner loop
converges.
The algorithm flowchart of the RAMRF is shown in Fig. 1.
The RAMRF clustering method is obviously different from
existing methods with the following characteristics. 1) Unlike
the classical clustering methods (e.g., K-means and FCM) and
their variations, our method imposes the spatial information in
the feature space by embedding an MRF in it. In this way, the
method can improve the clustering precision. 2) Unlike conventional USMRF-based segmentation methods, which usually
use “soft” cluster membership (means probability) for data, the
RAMRF clustering method adopts “hard” membership, that is
to say, a pixel will be assigned a class label with probability
1 or 0 for it being or not being in the cluster. The “soft”
way in the conventional MRF-based methods may make the
parameter estimation described in Section IV-B more effective,
but it must sample a probability for the clusters in every
E step (for instance, SA or Swendsen–Wang cut [16] can be
used to sample the probability), which makes the cluster estimation more difficult and even intractable, leading to expensive
computation. However, when using the “hard” cluster membership here, the RAMRF clustering method can organize every
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Fig. 2. Ground truth for the sequence of simulated SAR images (size: 256 ×
256). (a) Ground truth with eight classes. (b) A three-look simulated SAR image
in the sequence.

Fig. 1.

Flowchart of the proposed RAMRF clustering method.

E step as a graph partition step, and this graph partition problem
can be rapidly solved by the GC. It eases the computation
burden and benefits the energy minimization. 3) The proposed
algorithm can automatically work, without giving the cluster
number and any parameter, which is different from the first two
characteristics. 4) Our method runs more quickly with higher
clustering precision than the traditional MRF-based clustering
methods.
V. E XPERIMENTAL R ESULTS
The performance of the RAMRF clustering method is tested
on both simulated and real SAR images. To effectively illustrate
the precision and computational time of the proposed algorithm, we make some comparisons among the RAMRF clustering method, the classical clustering method, i.e., K-means,
and the traditional USMRF-based SAR image segmentation
method.
First, to illustrate the clustering precision of the RAMRF
clustering method, we test the proposed algorithm on a sequence of simulated images with the same parameter Θ =
{[150 260 430 690 900 1300 2200 3100], 0.5} but different
looks, i.e., with different SNR [as
 in the SAR images, the
number of looks L = mean(Y )/ var(Y )]. Fig. 2(a) is the
ground truth of the simulated image sequence and Fig. 2(b) is a
three-look simulated image in the sequence. We apply the three
methods, K-means clustering method with SAR spatial image
filtering beforehand (in this letter, the Lee speckle filter is used),
USMRF-based SAR image segmentation method (the method
in [7] is adopted), and our RAMRF clustering method, to this
image sequence. Here, the cluster number in the former two
methods is assigned to be 8, which is the true cluster number,
as they cannot be determined by the algorithms themselves. In
the inner loop of RAMRF clustering method, ( is set to be 0.5%
of the total number of pixels in the image. The precision curves
of the three methods are shown in Fig. 3, and for the three-

Fig. 3. Comparisons on the clustering precision. These curves are obtained on
a sequence of simulated SAR images with the same eight-cluster ground truth
and their looks ranging from 1 to 12. We can see that the RAMRF clustering
method overperforms the traditional USMRF-based method and K-means on
precision.

look image shown in Fig. 2(b), the precisions are 87.45% of the
K-means clustering method, 95.12% of the traditional USMRFbased method, and 96.10% of the RAMRF clustering method.
Second, the three methods are also tested on a sequence of
images with the sizes of [40 × 40, 60 × 60, . . . , 250 × 250].
The curves for the computational time of the three methods
running on this image sequence are shown in Fig. 4.
The comparisons in Figs. 3 and 4 show that the proposed
RAMRF clustering method can automatically, rapidly, and
robustly cluster the SAR image with high precision.
Fig. 5(a) is a four-look L-band polarimetric SAR image
(HV channel) with the size of 374 × 374, which was acquired
from an agricultural land scene in Flevoland (Netherlands).
The clustering results of the three methods are shown in
Fig. 5(b)–(d). Fig. 5(b) is the clustering result obtained by
K-means with Lee filtering beforehand. Fig. 5(e)–(g) shows the
edge images of clustering results in Fig. 5(b)–(d), respectively.
The clustering results and their edge images of the three methods show that the RAMRF clustering method provides more
regular and precise result than the other two methods do.
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VI. C ONCLUSION
In this letter, we present a rapid and automatic clustering
method for SAR images by embedding an MRF model in
the clustering space and using the multilevel GCS to effectively compute the optimal clusters for the data. The clustering
method is approximately global optimal in the sense of MAP.
The robustness of the RAMRF clustering algorithm both on
precision and computational time are test on two sequence of
images with different SNR and sizes, respectively. Experiments
both on simulated and real SAR images show that the proposed
method has impressive performance. The clustering result can
be taken as a precise scene classification or an input for higher
SAR image interpretation.
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