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Abstract- The conventional CBIR is not perfectly suitable for 
retrieving the images from the large image dataset. The basic 
problem is generated from conventional CBIR method are: First, 
Whenever users perform the image search on Google since 
unnatural and unsupported data is retrieve from www. Second, it is 
very time consuming, due to this reason perfect result is not 
obtained in given time duration. Basically Content-based image 
retrieval is use for retrieving the similar images from image dataset 
on basis of sample query image. To overcome the above problem, 
the proposed scheme improved the performance of image 
classification and retrieval accuracy of images. The ACOGA 
method is used to optimize the feature of image dataset. These 
feature is reflects texture level of various images. Optimize the 
feature descriptor in the ROI (region of interest) of Images using 
ACOGA (Ant Colony Optimization with Genetic Approach) 
Technique. Optimize image descriptors are classified in different 
classes of image dataset using support vector machine. SVM is use 
for image retrieval for maintain accuracy. This supervised learning 
approach use the concept of image optimizer for improves the 
performance of retrieved images. The performance of proposed 
method SVM-ACOGA (Support Vector Machine – Ant Colony 
Optimization with Genetic Approach) method is improved instead 
of comparable CBIR method. 

Keywords: Support Vector Machine, Ant Colony Optimization, 
Genetic Approach, Feature Descriptors.  

I. INTRODUCTION 

One key design task, when constructing image dataset, which 
is built of an effective associate’s feedback component. 
While it is sometimes possible to arrange images within an 
image database by creating a hierarchy, or by hand-labeling 
each image with descriptive words, it is often time-
consuming, costly and subjective. Alternatively, requiring 
the end-user to specify an image query in terms of low level 
features (such as color and spatial relationships) is 
challenging to the user, because an image query entry is hard 
articulation can again be subjective. Thus, there is a need for 
away to allows a user to implicitly inform a database of his 
or her desired output or query concept. To address this 
requirement, relevance feedback can be used as a query 
refinement scheme to derive or learn a user's concept. To 

solicit return, the refinement approach displays a few image 
instance and the user labels each image as \relevant" or \not 
relevant. Based on the replies, extra set of images set from 
the repository are brought up to the user for labeling. After 
some number of such querying loops, the extraction 
approach returns a number of dataset in repository that it 
believes will be of interest to the user. The construction of 
such a query refinement scheme (we call it a query concept 
learner or learner hereafter) can be regarded as a machine 
learning work. Normally, it can be seen as a situation of 
group-based supervised learning. In pool-based active 
learning the learner has access to a pool of unlabeled data 
and can request the user's label for a certain number of 
objects in the cluster. In the case of image retrieval work, the 
unlabeled group would be the entire database of images. An 
instance would be an image, and the two possible labeling of 
an image would be \relevant" and “\not relevant". The 
objective for the image dataset is to learn the user's image 
query concept. In other words the goal is to give a label to 
each image within the database such that for any image, the 
learner's labeling and the user's labeling will agree. 

II. SYSTEM MODEL 

The CBIR exist in number of area like video streaming, 
speech, image processing, Data mining and GIS (geographic 
information system). All these application are require a high 
degree of accuracy with a minimal user involvement. There 
are various methods being used for the retrieval and 
classification of images based on visual features such as 
color, texture and shape. Most of the top methods use 
sophisticated, time consuming image retrieval and 
classification techniques to learn the semantic content of the 
image dataset. For example, if we want to study the separate 
regions of interest (ROI) of the image, then suitable color or 
texture segmentation algorithm being used to separate the 
homogeneous regions for further analysis to classify based 
on features. More formally, support vector machine (SVM) 
learning approach are used to builds a set of hyper planes in a 
high-dimensional finite or infinite-dimensional space, which 
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can be apply for image processing such as retrieval, 
classification, regression or other machine learning relative 
tasks. An exclusive and good separation technique is 
achieved by the desired set of hyper plane that has the largest 
distance to the nearest training and testing data point of any 
actual and predictive class of image feature, since in general 
case the larger, the margin, the lower, the generalization error 
of the machine classifier. While the given problem may be 
explained in a finite and infinite dimensional space, it often 
happens that the data sets to discriminate are linearly or not 
linearly separable in that n-dimensional space. It was 
proposed that the given finite or infinite dimensional space 
may be mapped into a much more higher-dimensional space, 
predictably making the separation easier in that dimensional 
space. To keep the computational load in reasonable manner, 
the mappings used by SVM (Support Vector Machine) 
machine learning techniques are constructed to ensure that 
dot products may be accurate computed easily in terms of the 
variables in the original given dimensional space, hence by 
defining them in terms of a given kernel function K(x , y). 
The selection process of kernel function in image processing 
is based on given problem. The hyper planes of SVM in the 
maximize-dimensional space are defined as the set of data 
points whose dot product with a vector in that space is fixed. 
The calculated vectors which defining the hyper planes of 
SVM can be chosen to be linear or non linear combinations 
with parameters α i of images of texture feature descriptors 
vectors that occur in the image database. With this selection 
of a finite or infinite hyper plane, the points x in the feature 
dimensional space that are mapped into the specified hyper 
plane are defined and explained by the relation parameter, 
Note that if K(x, y) becomes small as y grows to further 
away from given x, each parameter in the sum are measures 
the degree of closeness of the test point x to the 
corresponding of database point xi. In this way, the sum of 
kernels above can be used to measure the relative nearness of 
each testing and training data point originating in one or 
other of the sets to be sequencly discriminated. Note that, the 
set of data points x cardinal into any n-dimensional hyper 
plane can be quite convoluted operation as a result which 
performs much more complex discriminations between 
different image data sets which are not convex or concave at 
all in the given finite or infinite dimensional image data 
space. The linear support vector is as follows:  

 

      Figure 1: A Linear Form of Support Vector Machine 

Some specific advantages of genetic programming are that 
no analytical knowledge is needed and still could get desired 
results. Genetic Programming method does measure with the 
mention size. Genetic Programming does apply restrictions 
on how the outline of solutions should be formulated. There 
are several variants of GP, some of them are: Linear Genetic 
Programming, Gene Expression Programming, Multi 
Expression Programming (MEP), Cartesian Genetic 
Programming (CGP), Traceless Genetic Programming (TGP) 
and Genetic Algorithm for Deriving Software (GADS). In 
the next section we shall concentrate on CGP, since it is the 
most near to our proposed method. Cartesian Genetic 
Programming was originally developed by Miller and 
Thomson, for the purpose of evolving digital circuits and 
represents a program as a directed graph. One of the benefits 
of this type of representation is the implicit re-use of nodes in 
the directed graph. 

Classification is a data mining technique studied by 
statisticians and machine leaning researchers for a very long 
period of duration. It is a way in which classes are pre-
mentioned and a classifier is built (learnt) which allocates 
data samples to labels. Prediction restriction are often 
presented in the IF- THEN form, and it can be described as: 
IF<conditions> THEN <class>. In each rule, the <condition> 
part (the antecedent) usually contains a logic combination of 
predictor attributes in the form: term1 AND term2 
AND…AND term¡. And each term is a triple <attribute, 
operation, value>, such as <Color = Red>. The consequent 
part <class> shows the predicted class whose cases satisfy 
the <condition>. Using these rules, people can make 
prediction of a certain phenomenon or gain insights from 
large amount of data Many classification algorithms already 
exist, such as decision trees, (e.g. the C4.5 algorithm [2]) 
neural networks [3], statistical algorithms [4], and genetic 
algorithms [5]). In this paper, we study ant colony algorithms 
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[6] inspired by the behavior of ants during searching/finding 
paths from the nest to food sources. Social insects like ants, 
bees and termites work by themselves in their simple tasks, 
independently of others members of the area. Therefore, 
when they play as a community, they are also able to solve 
complex problems emerging in their routine lives, by use of 
mutual cooperation. This elegant behavior of a group of 
social insects is known as “Swarm Intelligence” [9]. Ants are 
also able to search the minimum path between a food source 
and the nest without the aid of visual information, and also to 
adapt to a changing environment [8]. It was found that the 
way ants communicate with each other is based on 
pheromone value updates. While value of ants move, they 
drop a certain amount of pheromone on the floor, leaving 
behind a trail of this substance that can be followed by other 
ants. The more ants follow a pheromone update value, the 
more desired attractive the update value becomes to be 
followed in the near future. 

Genetic Algorithms (GA) have been used to evolve computer 
programs for specific tasks, and to design other 
computational outlines. The recent approach of interest in 
Artificial Programming with GA has been spurred by the 
work on Genetic Programming (GP). GP paradigm provides 
a way to do program induction by searching the space of 
possible computer programs for an individual computer 
program that is highly fit in solving or approximately solving 
the question at hand. The GP outline permits the desired 
evolution of computer programs which can perform 
alternative computations conditioned on the outcome of 
intermediate valuations, which can explain computations on 
define variables of many types, which can define iterations 
and feedback recursions to achieve the desired output, which 
can explain and consequently use determine computed values 
and sub-programs, and their size, shape, and mention 
complexity is not justified in advance. 

We have combines the feature of ACO (Ant Colony 
Optimization) and GA (Genetic Algorithm), which is namely 
as ACOGA (Ant Colony Optimization with Genetic 
Approach). 

III. PREVIOUS WORK 

Machine learning and relevance feedback techniques have 
been proposed to learn and to refine query concepts. The 
problem is that most traditional techniques require a large 
number of training instances [2, 3, 4, 6, 7], and they require 
seeding a query with “good” examples [8, 15, 16, 20]. 
Unfortunately, in many practical scenarios, a learning 

algorithm must work with a scarcity of training data and a 
limited amount of training time. Of late, ensemble techniques 
such as bagging [3], arcing [4], and boosting [8, 12, 14] have 
been proposed to improve classification accuracy for 
decision trees and artificial neural networks. These ensemble 
approaches enjoy achieve success in improving classification 
accuracy through bias or variance feedback, while they do 
not support reduce the number of samples and time required 
to learn a basic query concept. Generally, most ensemble 
approaches actually increase active learning time because 
they introduce learning redundancy in order to improve 
prediction accuracy [8, 11, 12, 13]. To reduce the number of 
required data samples, many people have conducted many 
studies of active learning [2, 8, 9, 18] for classification. 
Active learning can be modeled formally as follows: Given a 
dataset S consisting of an unlabeled subset U and a labeled 
subset L, an active learner has two components: f and q. The 
f component is a classifier that is trained on the current set of 
labeled data L. The second component q is the sampling 
function that, given a current labeled set L, decides which 
subset u in U to select to query the user. The active learner 
returns a new f after each round of relevance backward 
result. The sampling approaches employed by determine 
active learner determine the selection of the next batch of 
unlabeled instances to be labeled by the user. 

Genetic Programming use concept of relatively low-level 
parameters, which are defined separately rather than 
combined a priori into high-level parameters, since such 
strategies explore hierarchical outline that would facilitate 
the creation of new high-level primitives from built-in low-
level primitives [3] [4] [5]. 

Unfortunately, since every real life problem are dynamic 
problem, thus their behaviors are much complex, GP suffers 
from serious weaknesses random systems. Chaos is 
important, in part, because it helps us to cope with unstable 
system by improving our ability to describe, to understand, 
perhaps even to forecast them. Ant Colony Optimization 
(ACO) is the result of research on computational intelligence 
approaches to combinatorial optimization originally 
conducted by Dr. Marco Dorigo, in collaboration with 
Alberto Colorni and Vittorio Maniezzo [6]. The fundamental 
approach underlying ACO is an iterative process in which a 
population of simple agents repeatedly construct candidate 
solutions; this construction process is probabilistically 
guided by heuristic information on the given problem 
instance as well as by a shared memory containing 
experience gathered by the ants in previous iteration. ACO 
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has been applied to a broad range of hard combinatorial 
problems. Problems are defined in terms of components and 
states, which are sequences of components. Ant Colony 
Optimization incrementally generates solutions paths in the 
space of such components, adding new components to a 
state. Memory is kept of all the observed transitions between 
pairs of solution components and a degree of desirability is 
associated to each transition depending on the quality of the 
solutions in which it occurred so far. While a new solution is 
generated, a component y is included in a state, with a 
probability that is proportional to the desirability of the 
transition between the last component included in the state, 
and y itself [7]. The main idea is to use the self-organizing 
principles to coordinate populations of artificial agents that 
collaborate to solve computational problems. Self-
organization is a set of dynamical mechanisms whereby 
structures appear at the global level of a system from 
interactions among its lower-level components. The rules 
specifying the interactions among the system’s constituent 
units are executed on the basis of purely local information, 
without reference to the global pattern, which is an emergent 
property of the system rather than a property imposed upon 
the system by an external ordering influence. For example, 
the emerging structures in the case of foraging in ants include 
spatiotemporally organized networks of pheromone trails 
[8][9][10]. The aim of this work is to enhance the ability of 
ACO by using GP technique.   

IV. PROPOSED METHODOLOGY 

The proposed method is SVM-ACOGA (Support Vector 
Machine – Ant Colony Optimization with Genetic 
Approach). SVM technique is the supervised machine 
learning approach, which is used for classify and retrieve the 
image descriptor. ACOGA (Ant Colony Optimization with 
Genetic Approach) used for optimize the descriptor, from 
which descriptor complexity is reduced. This method 
increases the accuracy of Precision – Recall curve. Hence, 
we are explain the proposed CBIR (Content Based Image 
Retrieval) based on ACOGA (Ant Colony Optimization with 
Genetic Approach) method.  

The potential of the SVM-ACOGA is illustrated on a 3D 
object recognition task using the Coil database and on an 
image classification and retrieval task using the Corel 
database. The images are either represents by a matrix of 
their pixel values (bitmap representation) or by a color 
histogram. In both cases, the proposed system requires 
feature extraction and performs recognition on images 

regarded as points of a space of high dimension. We also 
purpose an extension of the basic color histogram which 
keeps more about the information contained in the images. 
The algorithm of proposed method is explained in two phase, 
which is as below: 

Phase I (Algorithm of ACOGA):  

ACOGA consists of two main sections: initialization and a 
main loop, where Gp is used in the second sections. The 
main loop runs for a user- defined number of iterations. 
These are described below:  

Step 1: Initialization:   

a. Set initial parameters that are system:  variable, states, 
function, input, output, input trajectory, output trajectory.    
b. Set initial pheromone trails value.                                                                                                                               
c. Each ant is individually placed on initial state with empty 
memory.   

Step 2: While termination conditions not meet do    

a. Construct Ant Solution: Each ant constructs a path by 
successively applying the transition function the probability 
of moving from state to state depend on: as the attractiveness 
of the move,  and the trail level of the move.   

b. Apply Local Search 

c. Best Tour check:      

If there is an improvement, update it.  

d. Update Trails:  

- Evaporate a fixed proportion of the pheromone on each 
road.  

- For each ant perform the “ant-cycle” pheromone update.  

- Reinforce the best tour with a set number of “elitist ants” 
performing the “ant-cycle”.  

e. Create a new population by applying the following 
operation, based on pheromone trails. The operations are 
applied to individual(s) selected from the population with a 
probability based on fitness.  

• Darwinian Reproduction                                           • 
Structure-Preserving Crossover                                  • 
Structure-Preserving Mutation   

End While 
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Phase II (Algorithm of SVM): 

Step 1: candidateSV = {nearest pair from different labels}  
Step 2: while there are violating nodes do  
Step 3: Find a node-violator  

          Candidate_SV = candidate_SV S violator  
Step 4: if any αp < 0, addition of c to S then  

          candidate_SV = candidate_SV \ p  
Step 5: continue till all nodes are pruned  
Step 6: end if   
Step 7: end while 

V. IMPLEMENTATION 

For our empirical evaluation of our learning methods we 
used three real-world image datasets: a four-category, a ten-
category, and a fifteen-category image dataset where each 
category consisted of 100 to 150 images. These image 
datasets were collected from Corel Image CDs and the 
Internet. The implementation is done on MATLAB 7.8.0. 

1. Four-category set. The 480 images in this dataset belong 
to four categories: architecture, owners, landscape and 
people. 

2. Ten-category set. The 1200 images in this dataset belong 
to ten categories: architecture, bears, clouds, owners, 
landscape, people, objectionable images, tigers, tools, and 
waves. In this set, a few categories were added to increase 
learning difficulty. The tiger category contains images of 
tigers on landscape and water backgrounds to confuse with 
the landscape category. The objectionable images can be 
confused with people wearing little clothing. Clouds and 
waves have substantial color similarity. 

3. Fifteen-category set. In addition to the ten categories in the 
above dataset, the total of 1800 images in this dataset 
includes elephants, fabrics, fireworks, food, and texture. We 
added elephants with landscape and water background to 
increase learning difficulty between landscape, tigers and 
elephants. We added colorful fabrics and food to interfere 
with flowers. Various texture images (e.g., skin, brick, grass, 
water, etc.) were added to raise learning difficulty for all 
categories. 

The goal of SVM-ACOGA is to learn a given concept 
through a relevance feedback process. In this process, at each 
feedback round SVM- ACOGA selects twenty images to ask 
the user to label as “\relevant" or “\not relevant" with respect 
to the query concept. It then uses the labeled instances to 
successively refine the concept boundary. After the relevance 

feedback round have finished SVM-ACOGA then retrieves 
the top-k most relevant images from the dataset based on the 
final concept it has learned. Accuracy is then computed by 
looking at the fraction of the k returned result that belongs to 
the target image category. Notice that this is equivalent to 
computing the precision on the top-k images. This measure 
of performance appears to be the most appropriate for the 
image retrieval task particularly since, in most cases, not all 
of the relevant images will be able to be displayed to the user 
on one screen. As in the case of web searching, we typically 
wish the first screen of returned images to contain a high 
proportion of relevant images. 

VI. CONCLUSIONS AND FUTURE WORK 

We addressed a new issue that image retrieval using unclean 
positive examples. In the proposed scheme, feature 
aggregation was formulated as a binary classification 
problem and solved by support vector machine-ant colony 
optimization with genetic approach (SVM-ACOGA) in a 
feature dissimilarity space. Incorporating the methods of data 
cleaning and noise tolerant classifier, a new two-step strategy 
was proposed to handle the noisy positive examples. In step 
1, an ensemble of SVM-ACOGA trained in a feature 
dissimilarity space is used as consensus filters to identify and 
eliminate the noisy positive examples. In step 2, the noise 
tolerant relevance calculation was performed, which 
associated each retained positive example with a relevance 
probability to further alleviate the noise influence. A large 
number of experiments were carried out on a sub-set of Corel 
image collection and the IAPR TC-12 benchmark image 
collection. The experimental results show that the proposed 
scheme outperforms the competing feature aggregation based 
image retrieval schemes when noisy positive examples 
present in the query. 
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