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Abstract

A novel method that hybridizes genetic algorithm (GA) and expectation maximization (EM) algorithm for the classification of syn-
thetic aperture radar (SAR) imagery is proposed by the finite Gaussian mixtures model (GMM) and multiscale autoregressive (MAR)
model. This algorithm is capable of improving the global optimality and consistency of the classification performance. The experiments
on the SAR images show that the proposed algorithm outperforms the standard EM method significantly in classification accuracy.
� 2009 National Natural Science Foundation of China and Chinese Academy of Sciences. Published by Elsevier Limited and Science in
China Press. All rights reserved.
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1. Introduction

In recent years, synthetic aperture radar (SAR) imaging
has been rapidly gaining prominence in applications such
as remote sensing, surface surveillance, and automatic tar-
get recognition. For these applications, the classification of
various categories of clutter is quite important and it can
play a key role in the subsequent analysis for target detec-
tion, recognition and image compression. Because of the
nature of the SAR instrument, SAR images contain speckle
noise, complicating their classification. Several different
classification methods especially designed for SAR data
have been proposed. Recently, different multiresolution
classification algorithms, such as the multiscale autoregres-
sive (MAR) model, have been proposed [1–3]. Because
imagery data of each class must be known for the method
using the MAR model, a new multiscale unsupervised clas-
sification method is proposed using the expectation maxi-

mization (EM) algorithm [4]. However, those EM
algorithms converge to a local optimum and the result is
sensitive to initialization. To alleviate these problems, this
paper presents a framework that hybridizes the genetic
algorithm (GA) and the EM algorithm (HGAEM) for
the classification of SAR images based on the MAR model
and finite Gaussian mixture model (GMM). The GA is a
robust, global optimization algorithm that is capable of
finding the global optimum in a multi-modal search space.
The hybrid algorithm achieves better classification by using
GA to select the optimal subset of data to be the initial
cluster centers and a local-learning method to locally opti-
mize the GA-selected initial centers. The likelihoods of the
optimized solution are used as the objective function for
GA. This framework exploits both the global exploratory
property of GA and the efficiency of the local-learning
method.

This paper is organized as follows. In Section 2, quad-
tree interpretation of SAR imagery and its multiscale auto-
regressive model are given. In Section 3, the hybrid
classification algorithm of SAR image is proposed. Some
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experimental results are shown in Section 4. Finally, we
draw the conclusions.

2. Quadtree interpretation of SAR imagery and its MAR

model

2.1. Multiscale sequence of SAR image

The starting point for our model development is a mul-
tiscale sequence XL, XL�1, . . . , X0 of SAR images, where
XL and X0 correspond to the coarsest and finest resolution
images, respectively. The resolution varies dyadically
between images at successive scales. More precisely, we
assume that the finest scale image X0 has a resolution of
d � d and consists of an N � N array of pixels (with
N = 2M for some M). Hence, each coarser resolution image
Xm has 2�mN � 2�mN pixels and 2md � 2md resolution.
Each pixel Xm(k, l) is obtained by taking the coherent
sum of complex fine-scale imagery over 2m � 2m blocks,
performing log-detection (computing 20 times the log-mag-
nitude) and correcting for zero frequency gain variations
by subtracting the mean value. Accordingly, each pixel in
image Xm corresponds to four ‘‘child” pixels in image
Xm�1. This indicates that quadtree is natural for mapping.
Each node s on the tree is associated with one of the pixels
Xm(k, l) corresponding to pixel (k, l) of the SAR image Xm.
For example, Fig. 1 illustrates a multiscale sequence of
three SAR images, together with the quadtree mapping.
Here, the finest-scale SAR imagery is mapped to the finest
level of the tree, and each coarse scale representation is
mapped to successively higher levels. We use the notation
X(s) to indicate the pixel mapped to node s. The scale of
node s is denoted by m(s).

2.2. Extraction and modeling of multiscale statistical

character of SAR image

Considering the multiscale sequence of SAR imagery,
we choose a specific class of multiscale models, named mul-
tiscale autoregressive models as follows:

xðsÞ ¼ a1xðs�cÞ þ � � � þ apxðs�cpÞ þ xðsÞ ð1Þ

where a1, . . . , ap are autoregressive coefficients, x(s) is
noise, X ðs�cÞ is parent nodes of X(s), and p is the order of
regression. For the application of segmenting different
types of clutter in SAR imagery, a MAR model can be con-
structed for each clutter class and for each scale. The coef-
ficients are decided by least square estimation, and the
model order p may be selected in the manner similar to that
by which standard autoregressive model orders are chosen
for each scale. The same coefficients apply to all pixels on
the same scale, but the coefficients for different scales need
not be the same. The multiscale statistical characterization
t(s) = (a1,s,a2,s,...,ap,s) of SAR image is obtained for all the
nodes and scales.

For multiscale statistical character t(s), we model them
using the Gaussian mixture model [5], that is

pðtðsÞjHÞ ¼
XK

k¼1

pkuðtðsÞjlk;RkÞ ð2Þ

where /(.) is the probability density function of a standard
normal distribution. K is the number of classes, and
H = {pi, li, Ri|i = 1, 2, ... , M},

PK
k¼1pk ¼ 1, pk > 0.

Let Z(s) = (Z1(s), ... , ZK(s)) be the classification mem-
bership vector for the sth pixel where Zk(s) = 1 if the sth
pixel belongs to the kth classification and 0 otherwise.
The standard method for GMD learning is to treat Z(s)
as missing variables and apply the EM algorithm. The
EM algorithm performs parameter estimation through
maximizing the complete data log likelihood Lc(H) given
by

log LcðHÞ ¼
X

mðsÞ¼l

XK

k¼1

zkðsÞflog pk þ logðuðtðsÞjlk;RkÞÞg

ð3Þ

The maximization is achieved by EM algorithm. That is
iterating (4)–(7),

sðtþ1Þ
j ¼

pðtÞj u tðsÞjlðtÞj ;R
ðtÞ
j

� �

PK
k¼1p

ðtÞ
k u tðsÞjlðtÞj ;R

ðtÞ
j

� � ð4Þ

sðtþ1Þ
j ¼N�2

X

mðsÞ¼l

sðtÞj ð5Þ

lðtþ1Þ
k ¼

X

mðsÞ¼l

sðtÞj yðsÞ
X

mðsÞ¼l

sðtÞj

,

ð6Þ

Xðtþ1Þ

k

¼
X

mðsÞ¼l

sðtÞj yðsÞ�lðtþ1Þ
j

� �
yðsÞ�lðtþ1Þ

j

� �T X

mðsÞ¼l

sðtÞj

,

ð7ÞFig. 1. Sequence of three multiresolution SAR images mapped onto a
quadtree.
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3. The hybrid classification algorithm of SAR image

The objective of the hybrid algorithm is to combine the
strengths of GA and EM to produce a yet efficient classifi-
cation algorithm for SAR image. The hybrid algorithm
consists of two steps, as depicted in Fig. 2. In the first step,
the GA searches for the optimal subset of SAR image to be
the initial classification centers. In the other step, the local-
learning method (EM) performs the local classification of
these initial centers. The implementations of GA and EM
at these levels are described as follows.

In the implementation of GA, let N � N denote the total
number of pixels of the SAR image and K denote the number
of classification. In GA, each solution is encoded as an
N � N-bit string with the ith bit position corresponding to
the ith pixel for i = [1, 2, . . . , N � N]. A ‘‘1” in the ith bit
position indicates that the ith pixel is selected and a ‘‘0”

indicates otherwise. Thus, in order to select K optimal pixels
as the initial centers, all feasible solutions must have K

number of ‘‘1”s and N � N � K number of ‘‘0”s. The genetic
operators include uniform crossover and mutation. Uniform
crossover selects two random parents and at the crossover
probability pc, swaps the bits between the parents at the same
bit position with 40% probability to create two new
solutions, of which one is taken as the offspring solution.
The crossover operator has the important function of pass-
ing on high fitness ‘‘schema” from the parents to the off-
spring. Uniform crossover has the advantage over
traditional K-point crossover; in that it eliminates biases in
the crossover search. Mutation simply inverts each bit of
the offspring at the mutation probability pm to diversify the
search. It has the important function of preventing prema-
ture convergence. Finally, a repair operator is applied to
the final offspring to ensure that the offspring is a feasible
solution, i.e. it has K number of ‘‘1”s. If the solution has more
than K number of ‘‘1”s, then one of the ‘‘1”s is randomly
inverted, whereas if it has less than K number of ‘‘1”s, one
of the ‘‘0”s is randomly inverted. The repair operator iterates
until the solution has exactly K number of ‘‘1”s.

After the offspring solutions are created, they are trans-
lated into the initial conditions for the mixture models. The
models are then EM optimized, and the maximum log like-
lihood values of the models given in (3) become the fitness
of the corresponding offspring solutions. For the selection
operator, we use the elitist scheme (l + k) instead of the
roulette wheel to achieve faster convergence. The (l + k)
operator selects the best-fit l solutions out of the joint pool
of l parents and k offsprings to be the next generation par-
ents, always keeping the best solutions in the population.
This whole process reiterates until some stopping criteria
are reached. Over the entire process, the search not only
uses stochastic genetic operations to create new search

Fig. 2. The hybrid classification algorithm.

Fig. 3. (a) Original SAR image. (b) Segmented image from EM algorithm. (c) Segmented image from HGAEM algorithm.
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points (offspring population), but also relies only on the
population information and not on any gradient informa-
tion. GA is therefore less susceptible to getting trapped in
local optima in the multi-modal search space.

4. Experimental results for SAR imagery

To demonstrate the classification performance of our
proposed algorithm, we apply it to two complex SAR images
which are of size 200 � 200 pixel resolution (see Fig. 3(a)).
From the complex images, we generate the above-mentioned
quadtree representation consisting of L = 3 levels and use a
second-order regression. The number K of Gaussian compo-
nents in images is assumed to be known for the EM algo-
rithm. The settings for GA and EM are as follows. The
binary coded solution is N � N = 200 � 200 bits long with
‘‘1”s at the selected gene and ‘‘0”s at the rest. The population
sizes are l = 100 for the parents and k = 200 for the off-
spring. Although these population sizes are relatively small
in order to shorten the computational time, they have shown
to be sufficient in our experiments. The selection scheme is
the elitist scheme (l + k) that always keeps the best individ-
uals in the population to accelerate convergence. Uniform
crossover is applied at a high crossover rate pc = 0.9, which
is a common choice to facilitate transmission of optimal
schema in the population. While binary mutation is often
applied at the mutation rate pm = 1/N2 that yields an average
of one inversion per string, we set pm to a relatively higher
rate of pm = K/N2 to yield an average of K inversions per
string to increase the diversity of the search. Each GA runs
for 200 generations. For EM, the weight of each component
pi is selected randomly, and the stopping criterion is when the
maximum log likelihood value increases by less than 1.

Fig. 3 shows the results of applying HGAEM approach
to two SAR images (Fig. 3(c)), as well as the results using
EM algorithm for comparison (Fig. 3(b)). Table 1 presents

the percentage of pixels (%) that are correctly segmented
using the EM algorithm and HGAEM algorithm. The
results we obtained show that the HGAEM slightly outper-
forms the EM algorithm.

5. Conclusions

The paper introduces a novel classification method
based on the hybridization of GA and EM algorithm.
The hybrid method is applied to the clustering of SAR
image using the finite Gaussian mixture model and multi-
scale autoregressive model. The experimental results show
the advantages of the HGAEM approach in achieving bet-
ter classification, when compared with the standard
approach of using random initialization EM algorithm
only. The proposed hybrid GA framework can be easily
extended to incorporate other local clustering methods,
for example, the K-means. More globally optimal classifi-
cation can be obtained by using GA for optimizing the ini-
tial conditions.
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Table 1
The percentage of pixels that are correctly segmented using EM algorithm
and HGAEM algorithm.

EM HGAEM

Fig. 3 (top) 80 94
Fig. 3 (bottom) 75 92
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