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Abstract- CBIR applies to techniques for retrieving similar
images from image databases, based on automated feature
selection methods. Feature selection is an important topic
in data mining, especially for high dimensional datasets.
Feature selection (also known as subset selection) is a
process commonly used in machine learning, wherein
subsets of the features available from the data are selected
for application of a learning algorithm.

In recent years, various heuristic optimization methods
have been developed. Many of these methods are inspired
by swarm behaviours in nature. In this paper, a new
optimization algorithm based on the law of gravity and
mass interactions is introduced. In the proposed algorithm,
the searcher agents are a collection of masses which
interact with each other based on the Newtonian gravity
and the laws of motion. A hybrid meta-heuristic swarm
intelligence-based search  technique, called mixed
gravitational search algorithm (MGSA), is employed. Some
feature selection parameters are optimized to reach a
maximum precision of the CBIR systems. Meanwhile,
feature subset selection is done for the same purpose.

Keywords— CBIR,Featue selection,Feature selection
Algorithms and Feature selection Apporachess

I. INTRODUCTION

Content-based image retrieval (CBIR) is a technique
which uses visual contents to search images from large
scale image databases according to user’s interests.
"Content-based" means that the search will analyze the
actual contents of the image rather than keywords, tags
or descriptions associated with the image [1]. The term
‘content’ in this context refers to colors, shapes, textures,
or any other information that can be derived from the
image itself [2].

A CBIR system performs indexing and retrieval tasks
using features computed from images as opposed to
using the whole images. These features are numerical
values computed by image processing algorithms that
capture visual images descriptions and store them in
feature vectors. During the retrieval or similarity

searching process, the images that are most similar to
the query image according to some distance measure
(e.g. the Euclidean distance), are returned. Knowing
what the most relevant and non-redundant features are,
according to the application domain, is very important
for improving the accuracy of the similarity search. It is
well-known that features obtained from only a single
extractor is not always the most appropriate way to
characterize images, mainly because more than one class
of visual features is needed to represent them. However,
using several feature extractors usually produces a large
number of features, often
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Fig.1 (Block Diagram of CBIR)

Containing correlated and irrelevant information that
leads to the dimensionality curse problem [3] and
deteriorates the efficiency of the retrieval process. Beyer
et al. [4]in showed that increasing the number of
features leads to a significant loss of the discriminative
power of each feature. Thus, dimensionality reduction
methods have been employed to ameliorate the
dimensionality curse.

Content-based image retrieval uses the visual contents of
an image such as color, shape, texture and spatial layout
to represent and index the image.

Fig.1 represents the architecture of Content Based Image
Retrieval (CBIR). The visual contents of the images in
the database are extracted and described by multi-
dimensional feature vectors. The feature vectors of the
images in the database form a feature database. To
retrieve images, users provide the retrieval system with
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example images or sketched figures. The system then
changes these examples into its internal representation
of feature vectors. The similarities /distances between
the feature vectors of the query example or sketch and
those of the images in the database are then calculated
and retrieval is performed with the aid of an indexing
scheme. The indexing scheme provides an efficient way
to search for the image database. Recent retrieval
systems have incorporated users' relevance feedback to
modify the retrieval process in order to generate
perceptually and semantically more meaningful retrieval
results[5].

A. APPLICATIONS OF CBIR

A wide range of possible applications for CBIR
technology has been identified. Potentially fruitful areas
include:

1) Medical diagnosis

2) Education and training

3) Digital Libraries

4) Home entertainment

5) Avrchitectural and engineering design

6) Fashion and interior design

7) Journalism and advertising

8) Cultural heritage

9) Geographical information systems (GIS) and
remote Sensing Crime prevention [6][7]

Il. FEATURE SELECTION

Feature selection is the process of choosing a subset of
the original feature spaces according to discrimination
capability to improve the quality of data.

In machine learning and statistics, feature selection,
also known as variable selection, attribute selection or
variable subset selection, is the process of selecting a
subset of relevant features for use in model construction.
The central assumption when using a feature selection
technique is that the data contains many redundant or
irrelevant features. Redundant features are those which
provide no more information than the currently selected
features, and irrelevant features provide no useful
information in any context. Feature selection techniques
are a subset of the more general field of feature
extraction.[9]

In many machine learning applications, high-
dimensional  feature vectors impose a high
computational cost as well as the risk of “overfitting”.
Feature selection addresses the dimensionality reduction
problem by determining a subset of available features
which is the most essential for classification[10].

A "feature" or "attribute" or "variable" refers to an
aspect of the data. Usually before collecting data,
features are specified or chosen. Features can be
discrete, continuous, or nominal. Generally, features are
characterized as:

1) Relevant: These are features which have an
influence on the output and their role can not be
assumed by the rest.

2) Irrelevant: Irrelevant features are defined as those
features not having any influence on the output, and
whose values are generated at random for each example.

3) Redundant: A redundancy exists whenever a
feature can take the role of another (perhaps the simplest
way to model redundancy).

I1l. FEATURE SELECTION PROBLEM

The features selection module deals with the problem of
choosing appropriate features for a given query, where
the query is specified by positive and negative examples.
Several approaches have been proposed to perform
feature selection In the CBIR system , where the feature
selection module is to be used, the requirements from
the module are as follows:

1) It must select a subset of features that provides
the best input for the image selection module. If too
many features are selected, the presence of irrelevant
features will obscure the ‘signal’ (reduce the signal to
noise ratio (SNR) . On the other hand, taking too few
features might impair the discrimination.

2) It must reduce the overall computational
complexity by reducing the dimensionality of the
classification problem.

3) Since we want the feature selection to take place
at every query (i.e. within the user loop), it must be
efficient. As the number of features is in the thousands,
we require the module to have linear time complexity
with respect to number of features.

4) As we are dealing with generic high level queries,
the module should not expect any a-priori organization
of the images in the database to increase its efficiency.

5) The image selection module in [3] is also
constrained to have linear time complexity w.r.t. number
of features, therefore the feature selector should assume
only linear discriminance based classifiers.

6) The module should be able to handle example
sets of sizes as small as 5.

As can be seen, [2], [6], [4] do not meet requirement 4,
[8] is not designed for the large number of features
involved, and [5] cannot handle the small example set
sizes which are available. Our present work addresses
the feature selection problem in the context of the above
mentioned requirements.

Problem of selecting some subset of a learning
algorithms input variables upon which it should focus
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attention, while ignoring the rest. Feature selection is the
process of selecting the best feature among all the
features because all the features are not useful in
constructing the clusters: some features may be
redundant or irrelevant thus not contributing to the
learning process[11][12].

CBIR

system

Training Feature Feature

images extraction selection

1 Precision

Feature selection

method

Fig. 2 (Block diagram of the traditional feature selection
techniques in the CBIR Systems) [19]

Fig. 2 shows the block diagram of a traditional CBIR
system with feature selection. As this figure shows, the
feature extraction and the feature selection (FS) are two
separate subsystems in the CBIR systems. In the CBIR
systems, the feature selection is usually used after the
feature extraction and selects the most important subset
of features to increase the competence of the CBIR
system.

IV. APPROACHES FOR FEATURE
SELECTION (FS)

A feature selection algorithm determines how relevant a
given feature subset ‘‘s’” is for the task ‘‘y’” (usually
classification or approximation of the data). In theory,
more features should provide more discriminating
power, but in practice, with a limited amount of training
data, excessive features will not only significantly slow
down the learning process, but also cause the classifier
to overfit the training data, as irrelevant or redundant
features may confuse the learning algorithm, (Duda
Hart, & Stork, 2001).

A feature selection algorithm (FSA) is a computational
solution that is motivated by a certain definition of
relevance. The purpose of a FSA is to identify relevant
features according to a definition of relevance.

feature selection algorithms can be also categorized
depending on search strategies used. Thus, the following
search strategies are more commonly used:

a) Forward selection: start with an empty set and
greedily add features one at a time.

b) Backward elimination: start with a feature set
containing all features and greedily remove features one
at a time.

c) Forward stepwise selection: start with an empty
set and greedily add or remove features one at a time.

d) Backward stepwise elimination: start with a
feature set containing all features and greedily add or
remove features one at a time.

e) Random mutation; start with a feature set
containing randomly selected features, add or remove
randomly selected features one at a time and stop after a
given number of iterations.

Fig.3 represents the characterization of a feature
selection algorithm (FSA).In this shows the three
characterization of algorithm i.e Search Organization,
Generation of Successors

Evaluation Measure
FLivergence
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HConsistency
HInformation
FDependence
FDistance
Exp clmential S eq]uential Ranlclom
Search
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Forward
Backward
“ompound
Weighting
andom
Generation of
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Fig.3 Characterization of a FSA

Generation of Successors and Evaluation Measure.
. Search Organization:

General strategy with which the space of hypothesis is
explored. This strategy is in relation to the portion of
hypothesis explored with respect to their total number. A
search algorithm is responsible for driving the feature
selection process using a specific strategy. We consider
three types of search: exponential, sequential and
random.

° Generation of Successors:

Mechanism by which possible variants (successor
candidates) of the current hypothesis are proposed. Up
to five different operators can be considered to generate
a successor for each state: Forward, Backward,
Compound, Weighting, and Random.

. Evaluation Measure:

Function by which successor candidates are evaluated,
allowing to compare different hypothesis to guide the
search process. Some of the evaluation measures are
Probability of error, Divergence, Dependence, interclass
distance, Information or Uncertainty and
consistency[8,9,11].
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V. FEATURE SELECTION ALGORITHMS

Feature Selection (FS) algorithms aim at choosing a
reduced number of features that preserves the most
relevant information of the dataset. FS is usually applied
as a pre-processing step in data mining tasks by
removing irrelevant or redundant features (dealing with
the dimensionality curse), therefore leading to more
efficient (reducing the computational cost and the
amount of memory required) and accurate classification,
clustering and similarity searching processes.
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Fig.4 Taxonomy of Feature Selection Algorithms

A taxonomy of all the available feature selection
algorithms broad categories is presented in fig.4.In this
figure first divide methods into those based on statistical
pattern recognition (SPR) techniques and those using
Acrtificial neural networks(ANN).The SPR category is
then split into those assured to find the best solution and
those that may result in a suboptimal feature set.
Another distinction is made between algorithms that are
deterministic, producing the same subset on a given
problem every time and those that have a random
element which could produce different subsets on every
run.

The first group of methods begins with a single solution
and iteratively add or remove features until some
termination Criterion is met. These “sequential
“methods can be divided into two categories ,those start
with the empty set and add features and those start with
the full set and delete features.

Various algorithms which are used for feature selection
in content based image retrieval that algorithms and its
description is written below:

a) GSA:Gravitational Search Algorithm.The first
version of GSA is a search algorithm for real-valued
optimization inspired by the Newtonian laws of gravity
and motion. In this algorithm introduce optimization
algorithm based on the law of gravity. In the proposed

algorithm, agents are considered as objects and their
performance is measured by their masses. All these
objects attract each other by the gravity force and this
force causes a global movement of all objects towards
the objects with heavier masses. Hence, masses
cooperate using a direct form of communication,
through gravitational force. The heavy masses — which
correspond to good solutions — move more slowly than
lighter ones, this guarantees the exploitation step of the
algorithm.

In GSA, each mass (agent) has four specifications:
position, inertial mass, active gravitational mass, and
passive gravitational mass. The position of the mass
corresponds to a solution of the problem, and its
gravitational and inertial masses are determined using a
fitness function.

In other words, each mass presents a solution, and the
algorithm is navigated by properly adjusting the
gravitational and inertia masses. By lapse of time, we
expect that masses be attracted by the heaviest mass.
This mass will present an optimum solution in the search
space.

The GSA could be considered as an isolated system of
masses. It is like a small artificial world of masses
obeying the Newtonian laws of gravitation and motion.
More precisely, masses obey the following laws:

. Law of gravity: each particle attracts every
other particle and the gravitational force between two
particles is directly proportional to the product of their
masses and inversely proportional to the distance
between them, R. We use here R instead of "%, because
according to our experiment results, R provides better
results than *2 in all experimental cases.

. Law of motion: the current velocity of any
mass is equal to the sum of the fraction of its previous
velocity and the variation in the velocity. Variation in
the velocity or acceleration of any mass is equal to the
force acted on the system divided by mass of
inertia.[13,14,15]

b) BGSA: A Binary Gravitational Search
Algorithm (BGSA) was introduced by Rashedi et al
[17]. for solving binary valued problems. In a binary
environment, each dimension takes the value of 0 or 1.
Moving in each dimension means that its value changes
from 0 to 1 or vice versa. In BGSA, equations of force
and velocity are same as continuous version, although
the distance of R is computed based on the hamming
distance [18].

C) MGSA: Mixed gravitational search algorithm.
the objects move in a search space with the dimensions
of both types of real and binary variables. A binary GSA
was combined with a real GSA in order to
simultaneously optimize the input feature subset
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selection and the SVM parameter setting. An agent in
this complex search space is called ‘superagent’. To run
GSA in a mixed real and binary search spaces, the
equations of force, velocity and movement are
calculated separately in real and binary parts. In MGSA,
active mass is calculated using the fitness of super-agent
and is the same for real and binary parts of the agent.
For the real-part of super-agent, the Euclidean distance
is used to calculate the distance between the real-part of
Super-agents, while for the binary-part, the Hamming
distance is replaced. The gravitational constant can be
different in real and binary part. For more information,
interested readers are referred to [19].

d) GA: The genetic algorithm is a general
optimization method that is useful especially for
computation-intensive  applications. It  mimics
theevolution process in biology by representing the
solution of the problem as genomes. The crossover of
good genomes (indicated by small fitness value) tends to
yield better results, and a certain probability of mutation
allows for exploration of the whole solution space. After
many generations of crossover and mutation, the
algorithm yields an acceptable solution. In this study,
each generation had the same number of features, and
the fitness function was defined as the misclassification
rate of a tenfold cross-validation procedure. In this
procedure, the samples were divided randomly into ten
groups, while one group was used as test data; the rest of
the samples were used to fit a multivariate normal
density function. The test data were classified based on
likelihood ratios. After each group had acted as test
group exactly once, the fitness function was calculated
as the misclassification rate. The smaller the value was,
the better the was fitness of the genome [20].

e) SVM: Support vector machine is based on the
structural risk minimization principle. The SVM
approach enjoys many  attributes. It is

lesscomputationally intense in comparison to artificial
neural networks. It performs well in high-dimensional
spaces and also well on both training data and testing
data but does not suffer from the small size of training
dataset as do other kinds of classifiers since the decision
surface of SVM-based classifier is determined by the
inner product of training data. The basic idea of SVM is
to construct a hyper plane that maximizes the margin
between negative and positive examples. The hyper
plane is determined by the examples called support
vectors that are closest to the decision surface. The
decision surface is determined by the inner product of
training data, which enables us to map the input vectors
through function @ into a higher-dimensional

inner product space called feature space. The feature
space could be implicitly defined by kernel K(x,

y)[21][22].

VI. CONCLUSION

In this paper, we reviewed the CBIR system and feature
selection and its approaches.Various algorithms are
described in this paper. All these algorithms are used for
feature selection in content based image retrieval. GSA
is constructed based on the law of Gravity and the
notion of mass interactions. The GSA algorithm uses the
theory of Newtonian physics and its searcher agents are
the collection of masses. The GA algorithm, SVM
algorithm etc. are present in this paper . The algorithms
to different data particularities and thus the danger in
relying in a single algorithm. This point in the direction
of using new hybrid algorithms or combinations thereof
for a more reliable assessment of feature relevance.
There are a variety of methods in literature of
performing feature selection. But, most feature selection
methods assume that data are expressed with values
without imprecision and uncertainty.
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