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Abstract

The motivation we address in this paper is to find out a generic method used to classify
conceptual satellite image taken in multiband imagery. Predefined training image with different
imagery bands is considered to test the proposed classification method. The Korhunen-Loeve (KL)
transform is first employed to create newly integrated image with dense information and best
contrast due to the information of all used bands are concentrated in one integral image. Then, the
integrated image is partitioned into variable sized blocks using hybrid horizontal-vertical (HHV)
partitioning method. The size of blocks is determined automatically according to the spectral
uniformity measurements. Later, ant colony optimization (ACO) is used to find out the optimal
number of classes that may exist in the image, and then classify the image in terms of the
discovered classes. It was found that the obtained classification results by ACO are in a good
agreement with the actual training data, which ensure the success of the proposed method and the

effective performance of the classification.
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Introduction

Image classification is a fundamental
problem in the image analysis discipline; it
plays an important part in the image
processing since it has been one of the most
difficult tasks due to the complexity and
diversity of such images. Classifying an image
aims at dividing the image into homogeneous
zones delimited by boundaries so as to
separate the different entities visible in the
image [1]. A great deal of classification
methods has been proposed in the last thirty
years. However, an important question to solve
IS how to benchmark these methods and
evaluate their robustness with respect to a
given real-life application.

Recently, many researchers have focused
their attention on a new class of algorithms,
called metaheuristic. A metaheuristic is a set
of algorithmic concepts that can be used to
define heuristic methods applicable to a wide
set of different problems. In other words, a
metaheuristic can be seen as a general-purpose
heuristic method designed to guide an
underlying problem specific heuristic toward
promising regions of the search space
containing high quality solutions. Therefore, a
metaheuristic is a general algorithmic
framework, which can be applied to different
optimization problems with relatively few
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modifications to make them, adapted to a
specific problem [2]. The use of metaheuristics
has significantly increased the ability of
finding very high-quality solutions to hard,
practically relevant combinatorial optimization
problems in a reasonable time. This is
particularly true for large and poorly
understood problems. Several metaheuristics,
such as Genetic Algorithms (GA) [3], Tabu
Search and Simulated Annealing [4], have
been proposed to deal with the
computationally intractable problems. Ant
colony optimization (ACO) is also new
metaheuristic  developed for composing
approximate solutions [5]. The ant algorithm
was first proposed by Colorni et al., and has
been receiving extensive attention due to its
successful applications to many combinatorial
optimization problems [6]. Like genetic
algorithm and simulated annealing approaches,
the ant algorithms also foster its solution
strategy through use of nature metaphors. The
ACO is based upon the behaviors of ants that
they exhibit when looking for a path to the
advantage of their colony. Unlike simulated
annealing or Tabu search, in which a single
agent is deployed for a single beam session,
ACO and GA use multiple agents, each of
which has its individual decision made based
upon collective memory or knowledge.
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Recently, the ACO metaheuristic has been
proposed to provide a unifying framework for
most applications of ant algorithms to
combinatorial optimization problems [7].
Algorithms that actually are instantiations of
the ACO metaheuristic will be called ACO
algorithms. This paper aims to investigate the
ability of the Ant Colony Optimization (ACO)
hybrid with an image integration method to
solve the problem of classifying varsity areas
of satellite images in terms of its semantic
concepts.

Problem Statement

The main behavior of many satellite image
partitioning methods does not observing the
fine details or boundaries of each part; they
look at the generic attributes that dominant
fine details that may found in each part.
Almost, this approximation is set with some
predefined restrictions (such as threshold) help
to guide the partitioning process. The proper
value of these restrictions leads to acceptable
results. The motivation we address in this
paper is to overcome such problem using
image integration technique. Image integration
makes the fine details to be shown clearly,
such that good partitioning can be achieved.
Moreover, to credit efficient partitioning, a
hybrid partitioning method is employed.
Hybrid method uses the quadtree within

the horizontal-vertical method to credit
best partitioning that resulting spectrally
homogenous blocks. As a result, good

partitioning makes the classification by ACO
to be optimized well. The optimization yields
the actual number of classes that may be found
in the image, and shows the classified image in
terms of the resulted classes.

Related Works and Contribution

The problem of image segmentation and
classification has attracted a lot of research.
The search frequently was about accurate
method that is needed to improve the field of
application. The most interesting studies
besides our contribution are briefly mentioned
in the following subsections:

Related Works

There are many papers devoted to satellite
image classification. They differ in many
aspects such as; material images, used
approach, or even the application limitations.

130

Laith Abdul Aziz Al-Ani

Below we shall focus on some researches that
deal with the problem of accounting the most
of image details through the classification
process in different field of applications:

The feasibility of using genetic algorithms
to segment colored images is investigated in
[8], a detailed discussion for issues involved in
designing such algorithms are presented. This
prepares to find out a hybrid genetic
supervised classification technique to evolve
automatic feature extraction algorithms that
proposed in [9] using multispectral imagery
technique, which showed an acceptable results
achieved by GA. Also, an automatic
construction of image classification based on
genetic image network for image classification
(GIN-IC) was proposed in [10]. This technique
transformed original images to easier-to-
classify images using image transformation
nodes, and selects adequate image features
using feature extraction nodes. It's proved that
the use of image transformation nodes is
effective for image classification problems.
Recently, an evolutionary computing to fractal
image compression was introduces in [11].
The use of evolutionary computing was
motivated to find good partitioning. This
showed that a far better rate distortion curve
can be obtained with this approach as
compared to traditional quadtree partitioning.

Evolutionary based researches includes
also the satellite and land cover imaging, the
literature in [12] suggests designing a suitable
image processing procedure as a prerequisite
for a successful classification of remotely
sensed data into a thematic map. Effective use
of multiple features of remotely sensed data
and the selection of a suitable classification
method are especially significant  for
improving classification accuracy. The
probability densities associated with the image
pixel intensities within each region are
assumed in [13] to be completely unknown a
priori. The information-theoretic optimization
problem was solved by deriving the associated
gradient flows and applying curve evolution
techniques. The experimental results based on
both synthetic and real images demonstrate
that the proposed technique can solve a variety
of challenging image classification problems.

In the field of object segmentation and
recognition, many studies based on
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evolutionary algorithms were considered. In
[14] a segmentation method was proposed
using a classification subsystem as an integral
part of the segmentation, which provided
contextual  information  regarding  the
objects to be segmented. The motivation was
segmentation and classification follows the
wrapper methods of feature selection. It was
shown that the performance of wrapper-
segmentation based on real-world and
complex images of automotive vehicle
occupants. Whereas the experiment in [15]
proves that the particle swarm optimization
(PSO) is suitable for selecting good individual
features and evolving associated weak
classifiers is more effective than for selecting
features. Also it showed that PSO can evolve
and select meaningful features in the face
detection task.

The field of computer aided diagnosis is
also employed the evolutionary methods, some
achievements were obtained depending on
some tests that ensure the ability of the
evolutionary algorithms to give high efficient
classification. In [16] a swarming-agent based
intelligence algorithm was proposed using a
hybrid ACO and PSO algorithms to identify
the diagnostic  proteomic  patterns  of
biomarkers for early detection of ovarian
cancer. The proposed system also gives the
second opinion for the pathologist regarding
the condition of the ovary. The robustness of
such method comes from the narrow band of
image viewing. The automated diagnosis
research was handled in [17] by building a
software system that provides expert diagnosis
of breast cancer based on three step of
cytological image analysis. The first step is
based on segmentation using an active contour
for cell tracking and isolating of the nucleus in
the studied image. Then from this nucleus,
some textural features have been extracted
using the wavelet transforms to characterize
the image using its texture, so that malign
texture can be differentiated from benign on
the assumption that tumoral texture is different
from the texture of other kinds of tissues.
Finally, the obtained features will be
introduced as the input vector of a Multi-Layer
Perceptron (MLP), to classify the images
into malign and benign ones. Later, an
unsupervised image classification using a
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Kohonen self-organizing map neural network
was discussed. Two-dimensional discrete
wavelet transforms decompose magnetic
resonance images (MRI) into the small size
and de-noise the approximation images [18].
Kohonen self-organizing map neural network
is trained with approximation image, then
trained neural network classify pixels of
original image. This technique showed very
encouraging level of performance for the
problem of classification in MRI image of the
human head.

Our Contribution

Previous studies point out the ability of
evolutionary algorithms to achieve a desired
solution with high precision. The ant colony
optimization (ACO) is handled to establish an
accurate method for image classification to be
applied on multi bands satellite images of
expanded diversity range of concepts. The
interesting contribution in this work is
employing KL transform to integrate the
image cues before the image partitioning. The
integrated image pass through hybrid HV
(HHV) based partitioning. The proposed HHV
method is inspired from the HV partitioning
method, the adaptation of HHV summarized
by including the well-known quadtree method
within. HHV method goes to partition the
target image into variable size parts. Such
method possesses some benefits over the HV
or quadtree, which is the high accuracy of the
partitioning; this guarantees the acceptable
homogeneity for image parts. Such
partitioning paved the way for the ant colony
system to classify the satellite image properly.
Later, Ant Colony Optimization (ACO) is used
to estimate the number of classes that may be
found in the image, and then classify the
image according to the determined classes.

Ant Colony System

Ant colony system (ACS) was adopted to
find the optimal solutions for many
applications. Ant colony optimization (ACO)
was inspired from the real ant's behavior,
where a very interesting aspect for the
behavior of several ants is their ability to find
shortest paths between the ants nest and the
food source [19], this is done with help of
depositing some ants to a chemical material
called pheromone, so if there is no pheromone



trails ant move essentially at random, but in
the presence of pheromone they have a
tendency to follow the trails. Experiments
show that ants prefer paths that are marked by
high pheromone concentration, the stronger
pheromone trail in a path, then this path will
have higher desirability and because ants
follow that path they will intern deposed more
pheromone on the path and they will reinforce
the paths, this mechanism allows the ants to
discover the shortest path, this shortest path
get another enforcement by noting that the
pheromone evaporates after some time, in this
way the less promising paths progressively
loss pheromone because less and less ants will
use these paths [20]. This behavioral
phenomenon of ants is employed to be adapted
as an optimization method. The ACS
achievements and the mathematical basis of its
use for optimization are explained in the
following:

ACS Achievements

Ant algorithm was first proposed by
Dorigo and Colleagues as a multi-agent
approach to difficult combinatorial
optimization problems like the traveling sales
man problem (TSP), quadratic assignment
problem (QAP), and later introduce the ant
colony optimization (ACO) metaheuristic [21].
There is currently a lot of on going activity in
the scientific community to apply ant based
algorithms to many different discrete
optimization problems. Recent applications
cover problems like vehicle routing problem
(VRP) [22], graph coloring [23], and routing
in communication network [24].

ACS for Optimization

Ant colony optimization algorithms
represent special solution approaches for
combinatorial problems derived from the field
of swarm intelligence. The solution approach
consists of n cycles in each cycle first each of
the m ants constructs a feasible solution. In
ACS each ant built a complete tour that visits
all nodes. Obviously, this solution neither has
to be optimal nor must it be even close to the
(unknown) optimal value. Improved solutions
can be obtained if the knowledge gathered by
other ants in the past on how good solutions
can be obtained is incorporated into the ant's
decisions. To show that, assume that an ant is
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located in node i. To choose the next node j

that has not yet been visited by that ant, see

Fig. (1), one may apply one of the following

two randomized strategies [25]:

1. Constrictive heuristic; apply one priority
role like randomized nearest neighbor.
Decision values for all nodes j are
determined by the inverse of the distance
from the node i to that j. The next node the
ant moves to is then randomly chosen
according to the probabilities determined by
those decision values. Consequently, if
node j is closer to i than node g or Kk, it is
more likely to choose node j. The decision
values of the constructive heuristic will be
later referred to as ij.

'CQ) Source

Destination

Fig. (1) The possible paths may chosen
by the ant.

2. Pheromone trails; this strategy is mainly
inspired by the way real ants find shortest
paths, while commuting between two places
on different possible paths ants deposed the
chemical substance pheromone. The shorter
the path is the more often the ant will use
this path within a limited period of time and,
consequently, the larger the amount of
pheromone will be on that path. Thus,
whenever an ant has two choices between
different available paths it will prefer the one
with higher amount of pheromone. The
amount of the pheromone is initialized with
0 for all paths (i,j). After an ant has
completed a tour, the values of the cells that
belong to the paths the ant has chosen are
updated by the inverse of the obtained
objective function value, i.e. the length of
the tour. The amount of the pheromone trail
7ij associated to path (i,j) is intended to
represent the learned desirability of choosing
node j when in node i. consequently, paths
belonging to good solutions receive a high
amount of pheromone.

ACS algorithms combine these two
strategies. The probability that ant v located in
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node i choose the next node j is determined by
the following formula [25]:

a B
V(Tij ) (77ij ) if je N’
S T 1)
Pij - Z(Tik) (74)
k=L
0 otherwise

Where, o and g are given weighting factors
and N/ is the set of nodes that have not yet
been visited by ant currently located in node i.

Proposed Classification Method

The proposed metaheuristic classification
method includes three main stages: the first
stage aims at integrating the spectral contents
found in the test bands into a concentrated one
integral image. The second stage is hybrid HV
based partitioning (HHV), which is used to
partition the target image into sub regions. The
robustness of such method is due to its ability
to effectively partitioning diversity regions
in the satellite image. Later stage, the ACO
is adopted to perform the unsupervised
classification that classifies the target image
and obtains the members of each class. Fig. (2)
shows the three stages of the proposed
classification system, each one is explained
with details in the following subsections:

Six bands of satellite image ACO based Classification

] \ Determine number of classes
| Classific
\ ation

NS
Fig. (2) The proposed classification system.

Classify the target image

5.1 Image Integration

The use of different imagery bands lead to
get different details in the area under test; this
enabled us to collect greater details to be
represented in one image using Korhunen-
Loeve (KL) transforms [26]. KL transform
uses the input image bands to create new other
principles components (PCs) bands. The newly
created image will have characteristics of
dense information and best contrast. Many
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literatures mentioned that the first PC image
contains about 75% of the information carried
by the input images [26], this makes the first
PC is suitable for the purpose of classifying
the multiband satellite image, whereas the
other remaining PCs are ignored. The chosen
PC image is the most descriptive and ready to
apply the partitioning stage on it.

Hybrid Horizontal-Vertical Partitioning

The hybrid HV (HHV) partitioning method
is based on computing the direction difference
between the mean of gray levels of the top-
bottom and left-right halves of image blocks as
shown in Fig. (3).

Image Mr

block

Ms

Fig. (3) The implementation method to
compute the means left, right, top, and
bottom halves for the HV partitioning.

These differences are computed using the
following formulas:

H-1 % et S 2
D, = zo‘,{zoga.j)—zg(i,j)} @
o E{%Zg(i, b S j)} ......................... @A)

where, g(i,J) is the pixel value at a position
(i,j). w is the block width, H is the block
height, Dy is the horizontal difference, and Dy
is the vertical deference.

The adaptation used to improve the
mechanism of HV partitioning is the
implementation of quadtree partitioning on
each block that does not satisfy the uniformity
criterion of HV partitioning. This adaptation
will be referred to as hybrid HV partitioning.
The tests showed improved efficiency of HHV
in comparison with HV or quadtree. The
implementation of the hybrid method can be
demonstrated as follows [27];

i. Compute the global mean (M) and standard
deviation of the input image, then the
extended standard deviation, this value is
adopted as a difference tolerance criterion
(i.e. threshold).



ii. Set the values of some partitioning control
parameters  which attributes to the
segmentation process, these parameters are:
a. Maximum block size, it represents the

maximum size of the block and it
corresponds to the minimum depth of the
three partitioning.

b. Minimum block size, it represents the
minimum size of the block and it
corresponds to the maximum depth of
the three partitioning.

c. Acceptance ratio, it represents the ratio
of the number of pixels whose values
differ from the block mean by more than

the  expected extended  standard
deviation.
d. Inclusion factor, it represents the

multiple factor that defines the value of
the extended standard deviation when

multiplied by the global standard
deviation.
e. Mean factor, it represents the

multiplication factor that define the value
of the extended mean (M¢) when
multiplied by the global mean.

iii. The HV segmentation information is
stored by utilizing the HV Link List, which
consists of the following fields:

a. Position: represents X and Y coordinates

of the top-left corner of the image block.

b. X-size and Y-size: represent the width

and height of the image block
respectively.

c. Next: represents a pointer to the next

block.

The segmentation process starts with
subdividing the whole image into sub-blocks
whose size is equal to the maximum block
size.

iv. For each sub block, check the directional
uniformity criterion that is used as a
measure to decide whether the sub-block
will be partitioned into halves or not. The

directional  uniformity criterion was
implemented by applying the following
steps;

a.Sub divided each sub-block into four
quarters and determines the mean values
for each quarter (Mcr, Mgrr, Mis, and
Mrs), the subscript labels LT, RT, LB, and
RB represent the left-top, right-top, left-
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bottom, and
respectively.

b.Calculate the mean values of the left half
(Mp), and right half (Mg), top half (M),
and bottom half (Mg) as follows:

ML=(Mr_+MaL)/2
Mr=(M1L+M1R)/2
Mr=(MrT+Mgg)/2
Mg=(MgsL+Mgr)/2

right-bottom  quarters

Then, determine the horizontal and vertical
differences as follows:

DH = |[ML-Mg]|

Dv = |Mt-Mg|

c.If Du>Dy, Du<Me, and X-size>Minimum
block size, then a horizontal partitioning
decision was taken. If Dv>Dyn, Dv>Me,
and Y-size > minimum block size then a
vertical partitioning decision was taken.
Otherwise quadtree partitioning decision
was taken when the block satisfies the
uniformity  condition  of  quadtree
partitioning.

d.After completing the partitioning, the
latest update occurred in the link list is
stored in a kernels map to show the
neighbors of each part.

ACO for Classification

This stage begins with computing the gray
median (Mi) and gray variance (Vi) for each
image part, where the subscript i is pointer
refers to the current part of the image. The
total variance Vr is the average variance of Vi
is computed to determine the rate of deviating
each class from others. Each image part is a
kernel specified by one feature; Mi, which is
stored in a solution matrix. There are two
goals for this stage: (1) to estimate the optimal
number of classes may found in the image, and
(2) to find out the optimal label (class) for
each kernel in the image. Initially assign the
values of number of iteration (n), number of
ants (m), and initial pheromone value (zo). For
each kernel, the initial amount of pheromone is
70, and there are m of ants begin to move from.
Using the kernel map, each ant should select a
kernel for the next movement that is not
selected previously. To find out if a kernel is
being selected or not, a flag value is assigned
for each kernel. The flag values are set to be 0
at each time when new ant gets down; once the
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kernel is selected the flag is changed to 1. The
first ant remains moving until there is no
choices are found, another ant will be get
down in the same kernel, and so on until the
last ant. This procedure is followed for all the
kernels. Each time when the ant randomly
selects the k™ kernel, the median M is stored
in the solution matrix, and the pheromone
updated using the following equation.

Thew = (1_p)z-old +p2’0

Where, Tnew and toid are the new and old
pheromone values of the current kernel, and p
is rate of pheromone evaporation parameter
(0<p<1). When the ant completes its tour,
calculate the average of the medians (Am) of
the selected kernels by each ant using the
solution matrix. The Am is the average of the
kernels median that individual ant chooses
them in one tour. If the label of Am is
originally found in the solution matrix even at
amount of deviation Vr (i.e. Amz*Vy) then
leave it, otherwise assign new label to Am and
store it in the solution matrix. After
completing all kernels, the process of ants
getting down is repeated n times. The number
of labels in the solution matrix is the number
of classes (N¢) in the image. The image is then
classified by minimizing the distance between
its kernel medians (Mi) and the label values
(Am) found in the solution matrix with
acceptable deviation V1. The following steps
summarize the algorithm of ACO for image
classification.

1. For each kernel (i™") in the image, calculate
the median M; and variance Vi values.
Initialize the values of number of iterations
(n), number of ants (m), initial pheromone
value (1), and a constant value for
pheromone update (p).

Create a solution matrix (S) to store the
labels, M, flag, pheromone for each
kernel.

Get new i kernel in the image

Let new ant get down to the i kernel,
make the flag to be zeros.

Select a random kernel, which is not
selected previously, according to the
probabilistic choice in equation (1); at
which

2.

o~
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1 ,andd, =M, -M,.
d;

Update the pheromone values for the
selected kernels by the current ant.

my =

7.

8. Perform steps 6-7 until no possible choices
for the current ant.

9. Assign unique label for the kernels visited
by the current ant, store them in S.

10. Perform steps 5-9 for m ants.

11. Do steps 4-10 until last kernel found in the
image.

12. Back to step 5 for n times.

13. Compute the number of labels (classes) Nc.

14. Kernels with same Am have same labels.

15. Assign a specific color for each label in the
solution matrix, and draw the image with
the new coloring, that is the classified
image.

Test Images

The satellite images used in the test of this
research is Thematic Mapper (TM) image
bands provided by the Space Research Center
of Irag. Thematic mapper images are usually
found in different six multi-spectral bands.
Fig.(4) presents TM image collection of the
studied area in the west of Iraq (flight path 169
and row 37). The collection contains 6 images;
each appears different fine details related to
spectral imaging range. These images
collection was taken to a wide conceptual
range of contents in the land with acceptable
spatial resolution 512x512 pixels. Different
concepts in this image such as (water, urban,
bare, and vegetation) gained its importance in
the field of satellite image classification. Many
studies were made on these bands for the
purpose of classification; the investigation
refers to finding 7 training classes [26]. This
result enables to test the performance of the
proposed HHV and ACO method for the
purpose of satellite image classification.



Band1 Band2 Band3

Band4 Band5 Band6

Fig. (4) The material images used in the
present work.

Results

In the following, the results of each stage
is presented and discussed separately: Fig.(5)
displays the six PC images resulted from the
KL transform. It is shown that just the first PC
image is integrated well since it shows the fine
details clearly in comparison with the input
ones presented in Fig.(4) or the other PC
images.

PC1 PC2 PC3

PC5 PC6

PC4

Fig (5): The resulted PC images by means KL
transform.

Fig.(6) shows the partitioning results using
hybrid HV applied on the PC1 image. It is
observed that the shape and size of the image
parts are variable. Some parts are horizontal or
vertical rectangle due to the use of HV
partitioning, whereas other parts are squared
due to the use quadtree partitioning. The image
region of fine details is shown partitioned with
quadtree, while the expanded smoothed region
is partitioned by the HV. In all parts, the block
size was automatically determined according
to the details variety. Almost, the block takes a
small size at the region of more details,
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whereas it is becomes relatively larger at few
detailed region. The true partitioning makes
the application of ACO to be more confident.
The ACO for classification was applied with
the following setting; n=100, m=50, p=0.1,
0=1. , a=1 and p=1. Therefore, the optimal
number of classes determined by ACO was
seven (Nc=7).

PC1 image Partitioning results

Fig. (6) The PC1 image and its partitioning
results using HHV.

Fig. (7) shows the classified image and
Fig. (8) shows the distribution of the seven
classes extended along the gray scale, the bar
height is the percent of each class occupation
in the image while bar width refers to the
extension of each class in the image. It was
observed that true partitioning greatly help the
ACO to determine the optimal number of
classes, which absolutely leads to optimal
classification.

Class-1
Class-2
Class-3
Class-4
Class-5
Class-6

Class-7

| ENEEEN

Fig. (7) The classification results using ACO.

I
fest

- Class-1
- Class-2
- Class-3
I Class-4
- Class-5
M class 6
J Class-7

n (%)
N S
o = o & G

Class Occupation (%)

=1

Gray Scale

Fig. (8) The distribution of classes along the
gray scale.
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Analytical Observation

It is observed that the proposed method
was able to find effectively the optimal
solution for the problem of multiband satellite
image classification. The classification results
showed that the choice of variable block size
improves the classification results, because
the block size was assumed to be dynamic,
and it was determined only whenever the
most of block contents become spectrally
homogenous. The use of image integration
shows higher chromaticity and details in the
PC image, which leads almost to greater
description than the original image bands.
Also, it is noticeable that ACO for image
classification was successful in finding the
proper number of classes in the target image. It
was seen that the gray images are classified
according to the spectral variation appeared in
the image. Since the image contained
expanded regions of different concepts, each
class was fitted to include a specific region.
One can note the number of classes was a
measure for the amount of the details appeared
in the image. Indeed, the chromaticity do not
greatly serves the classification of satellite
images, so the classification found occurred
just depending on the spectral variety. In spite
of the block shape was rectangle or square,
which expect to covers different concepts
within especially at the edges, there was no
confusion occurred due to the use of median
gray instead of the mean to define each block
in the ACO. Such that, the ACO was found
classify the blocks in terms of the dominant
concept in each block. This ensures the ability
of the image integration based ACO to make
accurate classification since it is related to the
image decomposition in terms of spectral
details and intensity distribution. In general,
the ACO method for classification purposes
was successfully proved good results (which is
agree to the results obtained in reference 26) to
classify multiband satellite images, which
ensure the efficiency of the employed method
and the good performance of the classification.

Conclusions and Further Work

Some conclusions can be driven from the
analyses of the ACO behavior for image
classification. The primary stage of
partitioning was accurately partitioned the
image depending on the spectral uniformity,
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such that the founded block size differs from
region to another in the image depending on
the details found in that region. The use of
ACO was successfully determining the
number of classes in the image and showed
good classification results, which ensure the
robustness of the ACO to optimize the image
classification. For further work, we suggest
using a clustering step after the ACO for
determining the optimal number of classes.
Also, one can use GA hybrid with ACO
frequently to guide the classification into more
accurate results.

References

[1] Martin A., Laanay H. and Arnold B. A.,
"Evaluation  of  Uncertain  Image
Classification and Segmentation
Algorithms"”, Pattern Recognition, Vol.
39, No.11, pp.1987-1995, 2006.

Alice R. Malisia, Hamid R. Tizhoosh,
"Applying Ant Colony Optimkization to
Binary Thresholding”. ICIP conference,
IEEE, pp.2409-2412, 2006.

Suguna N., and Thanushkodi K.,
"Genetic  Algorithm Based Feature
Ranking in Multi-criteria Optimization”,
Journal of Computer Science and
Network Security, Vol.9 No.6, June 2009.
Suzuki H., Matsakis P., Andréfouét S.,
Desachy J., "Satellite Image Classification
Using Expert Structural Knowledge: A
Method Based on Fuzzy Partition
Computation and Simulated Annealing",
"IMAG" 2001, Annual conference of the
Int. association for mathematical geology,
Cancun, Mexico, September 2001,
proceedings .

Lukin V., Nikolay N. P., Alexander A.,
Karen 0., Jaakko T., "Object
classification, segmentation and
parameter estimation in multichannel
images by classifier learning with
clustering of local parameters”, SPIE
Journal Vol. 6497, pp.1-12, 2007.

Liu Y., Yao M. "Applications of
Evolutionary  Computation in  Web
Information Filtering", Proceedings of the
International ~ Symposium on  Web
Information Systems and Applications
(WISA’09), Nanchang, P. R. China, May
22-24, 2009, pp. 409-413 China.

[2]

[3]

[4]

[5]

[6]



[7] Yanfang Han_, Pengfei Shi, "An
improved ant colony algorithm for fuzzy
clustering in image segmentation”, Neuro
computing, Vol. 70, pp. 665-671, 2007.
Keri Woods, "Genetic Algorithms:
Colour Image Segmentation Literature
Review", July 24, 2007.

Yonggang S., and William C.," A Real-

Time Algorithm for the Approximation of

Level-Set-Based Curve Evolution”, IEEE

Transactions on Image Processing, Vol.

17, No. 5, pp. 645-651 May 2008.

[10] Christopher M., "The synthesis of
Artificial Neural Networks using Single
String Evolutionary Techniques”, Ph.D
thesis, Robert Gordon  University,
Scotland, Spring 1999.

[11] Saupe D., and Ruhl M., " Evolutionary
Fractal Image Compression”, IEEE
International Conference on Image
Processing (ICIP'96), Vol.1, pp.1-4, Sept.
1996.

[12] Lu D., and Weng Q., "A survey of image
classification methods and techniques for
improving classification performance”,
Journal of Remote Sensing Vol. 28,
No. 5, pp.823-870, 10 March 2007.

[13] Kim J., Fisher J. W., Yezzi A., Cetin M.,
and Willsky A. S." Nonparametric
Methods for Image Segmentation Using

[8]

[9]

Information Theory  and Curve
Evolution”, Proceeding of 2002 IEEE
International Conference on Image

Processing, 2002.

[14] Juan D. Gispert, Santiago Reig, Javier
Pascau, Juan J. Vaquero, Pedro Garci'a-
Barreno, and Manuel Desco, "Method for
Bias Field Correction of Brain T1-
Weighted Magnetic Resonance Images
Minimizing Segmentation Error"”, Journal
of Human Brain Mapping, vol. 22,
pp.133-144, 2004.

[15] Esmaeil M., "A fuzzy clustering PSO
algorithm for supplier base management",
International Journal of Management
Science and Engineering Management
Vol. 4, No. 4, pp. 311-320, 2009.

[16] Dzik J., "Features of the Fossil Record of
Evolution”, Journal of Acta Palaeont.
Polonica, Vol.36, No. 2, pp.91-113, 1991.

[17] Sebri  A., Malek J.,, Tourki R,
"Automated Breast Cancer Diagnosis

138

Laith Abdul Aziz Al-Ani

based on GVF-Snake Segmentation,
Wavelet Features Extraction and Neural
Network Classification”, Journal of
Computer Science vol.3, No. 8, pp.600-
607, 2007.

[18] Zhang J., Liu Q., and Chen Z., "A
Medical Image Segmentation Method
Based on SOM and Wavelet Transforms”,
Journal of Communication and Computer,
Vol. 2, No.5, 2005.

[19] Thangavel K., Karnan M., Sivakumar R.,
and Mohideen A. K., "Ant Colony System
for Segmentation and Classification of
Microcalcification in  Mammograms”,
ICGST International Journal on Graphics,
Vision and Image Processing (GVIP),
2007.

[20] Thangavel K., and Karnan M.,
"Computer Aided Diagnosis in Digital
Mammograms: Detection of
Microcalcifications by Meta Heuristic
Algorithms", GVIP Journal, Vol. 5, No. 7,
July 2005.

[21] Abhinav S. and Ashraf S., "Evolving an
Artificial Neural Network Classifier for
Condition  Monitoring of Rotating
Mechanical Systems", Journal of Applied
Soft Computing, Vol.11, 2005.

[22] Xinjian C., Jie T., Jiangang C., and Xin
Y., " Segmentation of Fingerprint Images
Using Linear Classifier ", Journal on
Applied  Signal  Processing, Vol.4,
pp.480-494, 2004,

[23] M. Airouche, L. Bentabet and M. Zelmat,
"Image Segmentation Using Active
Contour Model and Level Set Method
Applied to Detect Oil Spills", Proceedings
of the World Congress on Engineering
2009 Vol. I, WCE 2009, July 1 - 3, 2009,
London, U.K.

[24] Bhanu B., Li R.,Heraty J., and Murray E.,
"Automated Classification of Skippers
based on Parts Representation”, American
Entomologist,Vol.54 ,No.4, pp.208-231,
2008.

[25] Eley M. "Ant Algorithm for the Exam
Timetabling Problem”, Jornal of the
Operational Research Society, Vol. 56,
pp. 167-180, 2005.



Journal of Al-Nahrain University Vol.16 (2), July, 2013, pp.129-139 Science

[26] Al-Ani, Laith A., "Classification of
Digital Satellite Images”, Ph. D thesis,
Saddam University, College of Science,
1996.

[27] Bushra.K "Color Image Data
Compression Using Multilevel Block
Truncation Coding Technique”, Ph.D
thesis, Baghdad University, College of
Science, 2002.

Al
e caail dale 45yl alanl a sl 138 oo
dynad aalie Gl Badate p ) B)gaan e livall L)
aimsale e lia Ll 5)ga aladiul &5 cllily L Adhis
Gl Ayl LY dijas duyyas shlie cild dilida
53 8yyem deliaal Yol KL gt a2afial s ikl
pedly Sdbg Loall pl g A0S il eslear A LeSie
Syseall 49383 23 L ALalSid) 3yeall 8 il JS cilagles
Al Ayl aladiuly aaall 5yt e el ) ALalS)
sysaall £ha ana o) (HHV) Lungd) 40 anll-4aY)
Gy vy Anglall Agelid) Genlie U Laak Las sasy
sre alady (ACO) Jeaill §yaxinee dsa) s Craaiiul
AN 5y saall Ciiila o ey 3ysaall B JLY) CilaY)
Loy Alasiiud) Cag il il o) L AaKa) CaliaY)
cAoaaill alibul) @l CulS Jaill 8 peninne da))lsa
ilee ¢10) 50 L 52 dinal) A dyylal) #Lai 2 S5y 13 sy

gl

-

139



