Optimal Feature Selection and Fusion for
Content-Based Image Retrieval Using
Computational Intelligence

Submitted by

Sumaira Farid
Reg # 57 FBAS/PHDCS/F09

Supervisor: Dr. Ayyaz Hussain

Department of Computer Science and Software Engineering,
Faculty of Basic & Applied Sciences,

International Islamic University, Islamabad, Pakistan

(2016)




Accession NoO

*

7116420

g |

% N
f /\\

PbD
ool
SUO

-



International Islamic University Islamabad

Faculty of Basic & Applied Sciences

Department of Computer Science and Software Engineering

Final Approval

Dated: 22/02/2016

It is certified that we have read the thesis, entitled “Optimal Feature Selection and Fusion for
Content-Based Image Retrieval Using Computational Intelligence” submitted by Ms.
Sumaira Farid, Reg. No. 57- FBAS/PHDCS/F09. It is our judgment that this thesis is of
sufficient standard to warrant its acceptance by the International Islamic University Islamabad

for PhD Degree in Computer Science.

PROJECT EVALUATION COMMITTEE

External Examiners:
Dr. Hassan Mujtaba Kayani, Associate Professor,

National University of Computing and Emerging Sciences,
NUCES, FAST Islamabad.

Dr. Zahoor Jan, Chairman
Department of Computer Science,
Islamia College Peshawar.

Internal Examiner:

Dr. Ali Daud, Assistant Professor

Department of Computer Science & Sofiware Engineering
International Islamic University

Islamabad Pakistan

Supervisor:
Dr. Ayyaz Hussain, Assistant Professor

Department of Computer Science & Software Engineering
International Islamic University

Islamabad Pakistan

Wy
TS

N

_/4”4:‘_—\'
ek

\g\//

Optimal Feature Selection and Fusion for Content-Based Image Retrieval Using Computational Intelligence



International Islamic University Islamabad
Faculty of Basic & Applied Sciences

Department of Computer Science and Software Engineering

Final Approval
Dated: 22/02/2016

It is certified that we have read the thesis, entitled “Optimal Feature Selection and Fusion for
Content-Based Image Retrieval Using Computational Intelligence” submitted by Ms.
Sumaira Farid, Reg. No. 57- FBAS/PHDCS/F09. It is our judgment that this thesis is of
sufficient standard to warrant its acceptance by the International Islamic University Islamabad
for PhD Degree in Computer Science.

Head of the Department
Dr. Hussnain Abbas Naqvi

Department of Computer Science and Software Lot
Engineering,

Faculty of Basic and Applied Sciences, —=

Dean
Prof Dr Muhammed Sher
Faculty of Basic and Applied Sciences,

International Islamic University Islamabad K

Optimal Feature Selection and Fusion for Content-Based Image Retrieval Using Computational Intefligence



ACKNOWLEDGMENTS

Inestimable thanks to Almighty ALLAH, whose boundless and unpredictable sources of
help have made me able to win honors in life. I am also enormously grateful to my
supervisor Dr. Ayyaz Hussain for his advice, valuable comments, and assistance during
the course of my study. His keenness and useful views on research have made a deep
impression on me. I owe him my sincere appreciation for showing me the way to conduct

research.

I would also like to thank my co-supervisor Imad Fakhri for his assistance during my
research study. He guided me with expert advice and always provided helpful ideas. His

constant encouragement gave me great energy and motivation at every step.

My cordial appreciation extends to Dr. Muhammad Sher for providing constructive
suggestions and inspiration. I also owe my thanks to the other faculty members, Dr.

Nagqvi, Dr. Ali Daud and Dr. Jamal Nasir for their support at various phases of my work.

Finally, without the support and encouragement of my parents, husband, other family
members and friends, their understanding and patience, it would have been impossible for
me to complete this study. Their never-ending care helped me a lot getting through hard
times.



ABSTRACT

Efficient and effective methods are required for the retrieval of relevant data from data
stores. It is not only text documents that are kept in these databases, but also non-textual
data, which has gained popularity in the field of information management. Non-textual
data is mostly comprised of images. These images are saved in clusters and retrteval of
required images from these repositories is of great importance. The need for a vigorous
method for the retrieval of images from such systems has greatly increased research
interest in the field of image retrieval.

Two different approaches used for image retrieval are: (1) text-based and (2) content-
based. Text-based image retrieval is based on the keywords provided by users describing
the required image. Content-based image retrieval (CBIR), on the other hand, depends on
the content of the image, which includes visual features such as color, texture, and shape,
and is of great importance in CBIR systems. Content-based image retrieval can be
performed at two different levels: the local level and the global level. In the local method,
the image 1is first divided into different parts and then features are extracted from each
part separately, while the global technique extracts features from the whole image. We
have proposed new versions of both approaches utilizing all vital image features (color,
texture, and shape), and promising results were obtained compared to some recent CBIR
techniques.

Image features play a crucial role in CBIR systems, leaving a great impact on the
retrieval process. Our proposed techniques utilize all the three core image features: color,
texture, and shape. Furthermore, Fourier Descriptors (FDs) and Edge Histogram
Descriptors (EHDs) were calculated and added to the feature vector, resulting in
increased retrieval precision. An important texture feature - Local Binary Patterns (LBP)
has also been integrated into the system. The proposed method is based on the
identification of several local binary patterns, called uniform local binary patterns. These
are indispensable properties of image texture and their histogram has been verified to be a
dominant texture feature. A generalized gray-scale and rotation invariant operator was

constructed to identify uniform patterns for each spatial resolution and for all



quantization of the angular space. Euclidean distance was used as a similarity measure to
find the distance between the query and database images.

Feature fusion and effective relevance feedback methods can contribute extensive
benefits to content-based image retrieval. Feature fusion combines different image
features in such a way to obtain a single feature vector for all of them; however,
combining different image features is not always beneficial. This problem is addressed in
this study by acquainting multifarious features, where image features are combined with
similarity measures. Genetic programming was also utilized in this study to calculate a
single distance measure and the semantic gap was reduced by providing user’s feedback
after the retrieval of images. This was an iterative process eventually leading to the
definition of a set of relevant images. A genetic algorithm based search was also applied
to a series of weighting functions, which helped to maximize the fitness function.

The experiments in this study were performed on natural images of diverse semantics
from a Corel image database, and showed obvious improvement in results compared to
several noble systems in the literature. The same image was selected from each category
for experimentation to ensure fair comparison. Precision and recall were used as a metrics
to find the retrieval efficiency of the proposed system. The average precision of the
proposed methods was greater than 50%, showing improvement in results compared to
other current CBIR methods reported in the literature. Finally, comparisons were made
between local and global techniques, with both techniques having a reasonable number of

image features.



Main contributions of the thesis

* Comparison of the two main approaches to CBIR is made by introducing two
different techniques where one is based on the local approach and the other is
based on the global approach. Effect of segmentation on CBIR systems has also
been evaluated through comparison of local and global techniques

+ Image features play an important role in the retrieval process of CBIR systems. It
is realized in the study that some image features such as FD and EHD when used
in the calculation of feature vector improve the retrieval efficiency of CBIR
systems. Uniform local binary patterns are calculated that are the fundamental
properties of image texture and are invariant to grays scale and rotation. The
operator is further improved by adding a contrast invariant operator jointly used to

form a powerful tool for texture analysis.

»  Multifarious features are introduced and their effect on the retrieval system has
been analyzed through different experiments. Different image features are
combined with different sinﬁlaﬂty measures based on genetic programming
technique.

* At times the retrieved results might not be relevant to the query provided by the
user. This is mainly because of the semantic gap between the query tmage and
database images. A technique is proposed to reduce the semantic gap between low
level image features and high level user’s expectations. Genetic algorithm is

incorporated to acquire k nearest neighbors of the query given.
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Introduction

Chapter 1

1 Introduction

Content-Based Image Retrieval (CBIR) systems have attained great popularity in recent
years, attracting much contemporary research. It is crucial to debate and disseminate a
wider understanding of it. Its importance is increasing with the rise of digital data saved
in the form of images. These digital image repositories need an efficient system to
retricve required images from them. This chapter introduces the CBIR system and its two
distinct approaches with appropriate illustrations from the literature. A brief portrayal of
three important technigues of computational intelligence, namely genetic programming,
neural networks, and fuzzy logic are also briefly described. There is always a distance
between high level user expectations and low level image features, known as a semantic
gap, and this requires proper handling to obtain improved results. Relevance feedback is
a way of reducing the gap by involving the user in providing feedback to the system. A
milieu of the proposed work is given in the end, foliowed by the objectives of the work

done.
1.1 Motivation behind the research

It is a need to create large data sets because of the advances in data storage and image
acquisition technologies. The need for keeping these databases is growing because of the
increasing amount of digitally produced images in areas like medicine, journalism, and

private life. An efficient way is therefore required to manage these databases.

The process of retrieving desired images from a large collection of images (image
database) is of great importance in computer vision. Its application in almost every field
is increasing for the ease and convenience of users. The process of image retrieval is

based on the features that can be automatically extracted from the images themselves.

The main motivation for us behind this research was to propose content based image

retrieval system that could work effectively with better precision values for large
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databases of natural images. We have incorporated an evolutionary computation
technique i.e. genetic programming (GP) for the optimal selection and fusion of image
features with different similarity measures. Literature shows that GP framework is
suitable for the design of effective combinations functions. GP has been successfully
employed in different machine learning techniques and can provide better results for
pattern recognition in comparison with other classical methods such as support vector

machine (SVM)}).
1.2 Introduction to Content-based image retrieval

Latest developments in data storing and image acquirement methods have created an
inevitable demand for large data sets. The need for keeping such databases has emerged
due to the growing volume of digitally formed images in fields like medicine, journalism,
and private life. A skillful way is needed to manage thesc databases [1]. The practice of
retrieving required images from a huge collection (image database) is of great importance
in the computer world. Its application in almost every field is increasing to the
convenience of users. The process of image retri-eval is built on certain image features
that can be automatically extracted from the images. These systems are thus named as
CBIR (Content-based Image Retrieval) systems and are of great consideration in the
work of image data retrieval. CBIR systems have three main tasks: extraction, selection,
and classification [2]. In a large collection of images, it is possible that duplicates of
images exist. They would have similarity in content and share some regions with possibly
different colors, contrast, shape, and position. These similar images are called image

families. Object recognition and image retrieval are very important in such images [3].

With the advancement of the World Wide Web (WWW), developments in computer
technology and information bursts in software have created a large number of digital data
archives in various fields of life including education, entertainment, military, commerce,
biomedicine, web image organization, and image searching [4]. For example, CBIR is of
great importance in the medical field. Doctors access large numbers of images daily.
These images, being kept in large databases, require a quick and cfficient retrieval
method. [5]. People have also developed their own personal databases where they keep

Optimal Feature Selection and Fusion for CBIR using Computational Intelligence
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thousands of images [6]. Journalism is another field of life in which image saving and
retrieving is of great importance. Thus, there is a need in this field for new image
searching techniques that produce more efficient and accurate results [7]. There are also
certain websites that share photos. This gives ease to users in storing images and to others
in accessing and viewing the available images. Flickr and Google Picassa arec examples of

such sites where photo sharing can be done [8].

Many technologies are being established for quick indexing retrieval and management of
digital images. Traditional methods for image retrieval comprise of text-based image
retrieval methods; however, their performance is not optimum because of the inaccurate
language used to describe image content by humans. Also, manual gloss of images 15 a
time consuming task because of large database sizes. As a solution to such problems,
CBIR systems were introduced in the early 1990s. CBIR greatly augments the accuracy
of information retrieval and is an important substitute to traditional text-based image

retrieval [9].

Two different approaches towards CBIR include the discrete method and the continuous
method. The discrete method is stimulated by retrieval of textual information. It needs all
the features to be drawn to discrete features. The existence of each feature of an image ts
treated just like the existence of a word in a text document. Systems that follow this
approach are VIPER and GIFT. The continuous approach to CBIR is inspired by the
concept of nearest neighbor arrangement. Every image is characterized by a feature
vector and these are compared by using several distance methods. Images that have
minimum distances have maximum scores in image retrieval practice. A comparison of
these approaches has been presented in [10]. The discrete approach has an advantage in
the sense that in a method based on textual information retrieval can easily be
transmitted, e.g., user interaction and storage management. However, most image
retrieval methods follow the continuous approach. The continuous approach has strong
relations with nearest neighbor classification in pattern recognition. The relationship
between general pattern recognition, classification, and image retrieval has been

investigated in [11, 12].

Optimal Feature Selection and Fusion for CBIR using Computational Intelligence
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The visual features of an image are used to illustrate the image’s content in CBIR. These
features can either be local or global. Typical global features include shape, color, and
texture features, while for local features, extraction is done on the local part after image
segmentation. In medical and satellite images, segmentation is a difficult task as there is
no clear boundary in such images [13]. It should be noted that the major problem in the
field of image retrieval is determining the similarity of two images. Color, texture, and
shape are the properties that are most commonly used to measure similarity in these

CBIR systems [14].
1.3 Computational Intelligence Techniques

Computational intelligence techniques are nature-inspired techniques dealing with the
multifarious problems of the real world. Computational intelligence includes fuzzy logic,

neural networks, and evolutionary computations.
1.3.1 Evolutionary Computations

Evolutionary computation is a form of simulated intelligence. It deais with the problem of
finding an optimal object from a finite set of objects. This technique is inspired by
biological evolutionary processes. Evolutionary algorithms are an important subset of
evolutionary computation. Genetic algorithms (GA) and genetic programming (GP) are
the sub fields of evolutionary computation. In both these subfields, a population of
individuals is taken and the fittest among them are found. This group is selected for the
next generation, and hence in the end gives an optimized solution for the given problem.
Cross over, transmutation, and recombination are the techniques by which assortment in
population is achieved. Selection is the process that selects the best individual for the
next generation. GA provides a complete adaptive search procedure that is based on
natural selection. It has been employed successfully to put into practice feature selection
and weighting on different dissimilar functions [15]. GP has also been successfully
employed in different machine learning techniques and can yield better results for pattern
recognition in comparison with other classical methods such as the Support Vector
Machine (SVM). The key difference between GP and GA lies in their data structure or

internal representation of an individual. Generally, individuals in GA applications are of
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fixed length/bit string or fixed length order of real numbers. However, in GP, more

complex data structures are used; for example, trees, stacks, or linked lists.

1.3.2 Fuzzy Logic

Fuzzy logic was introduced in 1965 by Lotfi Al Zadeh with the application of fuzzy set
theory. Fuzzy logic is a multivalued logic and has the ability to deal with approximate
values rather than fixed and absolute values. It avoids crisp decisions by deciding
something between 0 and 1, true and false. It uses incessant variables, not discrete. The
concept of fuzzy set membership theory is used in fuzzy sets, which determines how
much a variable is in a set. Fuzzy membership functions are premeditated and used in
different problems. These functions either take fixed and static values for all cases or are
adaptive in nature. The comprehensive concept of fuzzy logic is to cope with the idea of
partial truth, where the value of truth can be entirely true or entirely false. It is further
added that when semantic variables are used, these can be controlled by certain functions.
Fuzzy logic and probabilistic logic are statistically corresponding. Both logics have true
values between 0 and 1, but theoretically they are not similar due to different elucidation.
Fuzzy logic matches to “degrees of truth”, whereas probabilistic logic relates to
"probability or likelihood”. Fuzzy logic is a computing method that depends on the
concepts of fuzzy set theory. It has four main components: knowledge base, fuzzification
interface, inference engine, and defuzzification interface. The knowledge base consists of
fuzzy rules and a database, which have definitions of linguistic terms for the input and
output variable. The fuzzification interface takes the fixed input value and transforms that
into fuzzy value and the defuzzification interface calculates the output value by

combining the output of rules and performing transformations [16].
1.3.3 Neural Networks

Artificial neural networks are scientific models that are stimulated by genetic neural
networks. This technique is used in the fields of optimization, classification, and control
theory, and for finding solutions for waning problems. Neural networks are very active

for classification problems where they are required to detect and recognize objects
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effectively. A neural network is a combination of artificial neurons that are
interconnected in the form of groups. Information is processed through these neurons.
They are designed into many layers. The first layer is the input layer and the last layer is
the output layer. There are many layers in between these two layers; these are called
concealed layers. The more hidden layers in a system, the more the system is convoluted.
Weights are assigned to the interconnections between different neurons. The success of a
neural network lies in its vibrant nature, which is consummated by adjusting weights
based on the final output and applied input data. Weights are adjusted iteratively till the
desired output is attained. The process of adjusting weights in networks is called

‘learning of the neural network’ [17].
1.4 Semantic gap and relevance feedback

Regardless of the indispensable information acquired from database images, results
presented by CBIR systems are flawed. This is mainly because of the minimum
association between high level image semantics and low level image features. This
absence of correspondence between user expectations and low level image featurés is
called the semantic gap. The problem of the semantic gap in image retrieval is caused by
assuming that all image features are equally related during the process of retrieving
relevant images from the database. However, some features of images can be germane for
certain query images but irrelevant for other query images. Furthermore, some features
are deprived of semantic meaning, while others are good in capturing semantics in a
given context of CBIR [15].
Relevance feedback methods have been suggested to diminish these semantic gap
problems in CBIR systems. RF methods provide a mechanism for CBIR systems to Iearn
which features are best able to capture users’ interest {15].
General steps for RF in CBIR are as follows:

»  Results are displayed to the user based on the query provided.

e The user provides a decision on the results displayed as to whether and to

what extent they are relevant to the query given to the system.

e System gets user’s feedback and repeats the second step [18].
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RF becomes a classification problem when both positive and negative examples are
presented. Such methods have a small sample where the number of training images is
small compared to the size of the feature space. It is difficult to get significant results for
such small sample sizes from some of the existing learning machines, e.g., support vector
machines. RF algorithms should be quick enough to complete the required computations
on the data set, as the users’ interaction with the machine is in real time.

A number of techniques based on relevance feedback have been suggested using different
hypotheses and problem settings. These techniques can be separated into two main
classes: i. wraps different aspects of user behavior, i1. include algorithmic assumptions.
Regarding the first approach, a user might not be looking for a particular image or target,
but the positive rank given by the user indicates that the image is closer to the query
image and is not the actual target. It is difficult to produce the best set of images for a
large database. Some RF algorithms presume that the user will give binary feedback for
both positive and negative examples. Some will take only posttive examples and some
will take both negative and positive examples with a degree of relevance or irrelevance.
The “second approach™ takes image features into account. Important features are selected
by the implementation of various algorithms such as SVM. Different data structures are
also adopted for the selection of relatively important features [18].

1.5 Problem formulation

A CBIR system usually involves the creation of image descriptor, which is comprised of
two main steps (i) construction of feature vector transforming image features through an
extraction algorithm; and (ii) comparison of two images using a similarity measure. The
similarity measure is a distance function that provides the extent of similarity between the

two images as characterized by their feature vectors.

An image [ is defined as a pair (’P ,,f) where: P is a set of pixels and [: P; »R"isa
function that allocates a vector | (p) € R® t0 each pixel p in P {e.g. , T (r) = R®when a
pixel is assigned a color in RGB classification). The feature vector \_ff of an image [ is
defined as a point in R" space and can be represented by V} = (vy,V3,V3,...., 0, ) for

an n dimension vector. Features from an image are extracted by £, : {{} = R , which is
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a function that extracts a feature vector V} from an image [ and Sp, : R® X R™ - R isa
similarity function that calculates distance between two images. Query image @ given to
the systern is specified as Q = {(Gq, Cq ,Fq)}, where G, = (Ve Eq),Lq,Nq) is a
directed graph having V, vertices, E,; edges, Lg labels and N, labeling function on the
graph. C, contain all the digital objects and F, is a mapping function £, : V, — €, [97].

A database or collection IMG . jiection Of Images is given as(Collection, set;;), where
Collection is a collection of digital objects or images and set;; is a set of image

descriptors D.

The aim of this study is to construct an image descriptor D given as D (ep, Sp ) by fusing

features with different similarity measures.

D = (&p1,Sp1 )+ (€p2,Sp2 ) + (€p3,Sp3 ) + - + (€pn. Spn )

Where, £ = €pq,&p2, €p3s o, Epy Tefers to N different image features and Sp =
Sp1,Sp2,Sp3, ., Spy represent M different distance measures. The searching method is
a set of searching states {scy, 5S¢y, SC3, ..., S¢¢ }, where each state is a series of actions,

and each action is related with function Fng defined as follows:
Fn.: (Q X Collection) X sim, — 2€

Where sim; = Fng(q,0bj)|qe Q@ , obje Collection , and where Fn,:Q X
Collection —» Ris a matching function that associates a real number withq e Q and a
digital object obj € Collection. Range of the function Fn, is the C (contents) associated
with the collection]MG 411ection- 1he retrieved results are considered as a subset of C
(contents). The computation of Fn, relies on the use of appropriate image descriptors
(e.g. their extraction and distance computation algorithms) defined in the image

collectionIM G o110ction-
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1.5.1 Objectives

The purpose of this study is to investigate the impact of image descriptors on the process
of image retrieval. The detailed objectives include carrying out research on three main
problems in the field of CBIR, which are 1) improve the quality of feature vector by
incorporating maximum number of image features into it, 2) combining image descriptors
with different similarity measures, 3) reduce the semantic gap by integration of user’s

feedback.

The first objective is to consider the number of image features from the three main
categories like color, texture and shape. The greater the number of features, the richer
will be the feature vector and the larger will be the amount of information extracted from

the image.

The second objective is to improve the retrieval performance of the system by fusion of
image features with different similarity measures. Same similarity measure used for
different types of image descriptors might not give good results, as some descriptors
when measured by one distance measure gives better results compared with the other

distance measures.

Performance of the system will be further improved by incorporating user’s feedback
into the system. There is a gap between low level image features and high level user’s
prospects which can be reduced by getting user’s feedback to produce the desired output.
User’s feedback can improve the accuracy of the CBIR system by labeling images as

positive or negative based on user’s requirement.
1.6 Context of proposed work

In this study, a CBIR system is proposed utilizing all key image features such as shape,
texture, and color, to enhance retrieval accuracy and efficiency. In addition to drawing on
the three main categories of image features, Edge Histogram Descriptors (EHDs) were
also calculated to extract maximum information for accurate retrieval. Feature extraction
was done at both the local as well as the giobal level to find the finest approach of CBIR.

Feature vector calculation in the local approach was conducted after segmenting an image
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into different parts. In order to avoid loss of information, the image was segmented based
on color content. The proposed system is designed for collection of natural images. After
extraction of image features and calculation of the feature vector, similarity functions
were applied to determine the distance between the query image and the database images.
Using a similar function for all image features may not produce effective results as
different features produce different outputs with different similarity functions [19]. In
order to deal with the problem of using the same similarity measure for all image
features, multifarious features were employed. Each image feature was amalgamated with
a different similarity measure and the final distance was calculated by implementing
genetic programming. Retrieval results were further improved by reducing the semantic

gap through adding user’s feedback to the system.
1.7 Hypothesis

The research conducted on CBIR in the past decade touched several aspects of the
problem. Literature shows that image features is a major issue in designing such systems.
Also reduction of the semantic gap by integrating user’s involvement has taken interest of
many researchers. In this study we propose to show better resuits for image retrieval by
comstructing a feature vector that incorporates all the important features, that describes
image’s content. Features fusion will be performed by constructing image descriptors
having different distance measures for different features. We will be using genetic
programming approach for constructing such image descriptors and finding the final
distance between each pain of images. Relevance feedback will be added in the system to
minimize the semantic gap and improve retrieval accuracy of the system.

Our hypothesis is that selection of significant image features and their fusion with
appropriate distance metrics might produce better results for CBIR. Reduction of
semantic gap will also result in improved accuracy by giving an average precision greater

than 50%.
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1.8 Organization of the thesis

The thesis is presented as follows. In Chapter 2, a general overview to the CBIR system
is presented. Different image features are deliberated in detail along with brief

explanations of some of the modern methods of CBIR in the literature.

In Chapter 3, two different approaches to CBIR - the local approach and the global
approach - are described. Different features used in the proposed system are defined
along with the image segmentation technique adopted for the local approach. This section
further explains the calculation of the feature vector and recovery of images through a
similarity function’s value. The results of two proposed techniques will be matched with

several recognized CBIR techniques.

Chapter 4 proposes a CBIR technique incorporating a vital texture feature, i.e., local
binary patterns. In this technique, uniform local binary patterns are used, which are
invariant to grays scale and rotation. They are jointly used with a contrast invariant

operator producing improved retrieval results in comparison with other CBIR techniques.

Chapter 5 focuses on the formation of multifarious features where a combination of
image features and a similarity function is defined. Three different types of such features
are briefly described in this chapter. The genetic programming technique used for the
calculation of the final distance between these features is also explained. The chapter
further explains the relevance feedback method incorporated in the proposed CBIR
technique. Comparison of the results is also given attention towards the end of the

chapter.

Finally, Chapter 6 will discuss conclusions drawn from the investigations conducted in
this thesis. Suggestions for further improvement in CBIR systems and further
enhancement of the proposed system will also be described in this chapter.

Optimal Feature Selection and Fusion for CBIR using Computational Intelligence
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Chapter 2

2 Content-based Image Retrieval Systems

CBIR systems are an application of computer vision processes to the problem of image
retrieval, i.e., searching for digital images in huge databases. The search evaluates the
image’s content rather than the keywords, descriptions, or tags related to the image.
CBIR is appropriate for image retrieval because image searches based on metadata are
completely dependent on the quality, correctness, and completeness of the annotated text.
Also, the process of annotating data manually by humans is time consumning and this

might skip the keywords required for image description.

The word "content” in this perspective might belong to color, shape, texture, or other data
that can be taken out from the image under consideration. This chapter introduces all
these basic image features as well as the different techniques used to extract these
features from images to create a feature vector. In CBIR systems, the distance between
two images, i.e., the query and the database image, is calculated through a certain
distance measure. These similarity measures play a vital role in retrieving the required
image from an image repository. Some of the commonly used distance measures in image

retrieval systems are given here with their formulas and brief description.
2.1 Overview of Content-based Image Retrieval

In content-based image retrieval (CBIR) systems, a feature vector is produced for every
image describing its content and this is stored as an index in the feature database. Hence,
images are automatically indexed through this process. For the retrieval of an image from
a database, resemblance between the feature vector of the query image and the database
image is calculated. A threshold is specified and the distance is measured between the
enquiry image and the database image. This space must be less than the specified
threshold [2]. Figure 2.1 shows a flow chart of CBIR. There are two main methods to
define similarity between the query image and any target image in the image database.

This similarity comparison is either performed globally or locally. The global feature
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descriptor looks at the whole image to find its different features, such as color, shape,
texture, or Gabor filter features. However, global features have some downsides
associated with them. Firstly, important information about spatial feature distribution is
not available. Secondly, there is sensitivity to variations, intensity, and distortion. Spatial
restrictions are removed by a color correlogram, color coherence vector [20, 21], spatial

color histogram [22], and a spatial chromatic histogram [23].

Local approaches have also been suggested to augment the ability of CBIR. Region based
image retrieval methods are extensively used in a number of local feature based methods.
Each image is divided into smaller regions and features are taken out from each region.
The correspondence of two images is computed on the basis of matching region- based
features. The UCSB NeTra system is one region based retrieval system that uses an edge
flow method to fragment the image, utilizing three user identified parameters including
image features, scale for localization of image boundaries, and estimated number of
areas. Segmentation based shape, texture, color, and spatial position are further used to
explore and retrieve analogous regions from the database. Local approaches might suffer
from information loss due to segmentation which will affect the feature vector calculation

process as some of the feature might be lost during the segmentation process [24].

image
database

-

Feature extraction

Feature
extraction

l

Feature vectors

/ Image 2 ; Sorted retrieved images
{ imagel A4

Figure 2-1: Flow chart of content-based image retrieval
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The QBIC system from IBM [25] is one of the image retrieval systems that have existed
from the start when CBIR systems were introduced. It uses a color histogram, texture
descriptor, and moment based shape feature. In QBIC, query given to the system is
composed by user graphically. Features extraction is then performed on the graphical
image and similarity is calculated with feature vectors of images from the database.

Human error can greatly affect the retrieval result [26].

The Photobook system from Massachusetts Institute of Technology (MIT) 1s also one
such system. This system uses texture features, front features, and 2-D shape features.
Face recognition technology was also added to this system for the purpose of searching
images of particular persons. No text annotation is involved in this system but the number
of features adopted is not enough to extract information [27]. Another image retrieval
structure is Blobworld [28], established at UC Berkley. Here, images are characterized by
regions that are set up in expectation-maximization (EM) similar to the segmentation
process. This system follows the continuous approach using the nearest neighbor concept
for image retrieval. SIMBA, CIRES, SIMPLICITY, Image Retrieval in Medical
Applications (IRMA), and FIRE also use the same approach for image retrieval. In these
systems segmentation is the main process before feature extraction and that has to be
performed wisely to avoid loss of information. As features play an important role in
CBIR systems, the performance of these systems can greatly improve by adopting some
recent features discovered in the literature. The VIPER/GIFT system describes the local
and global properties of the image by incorporating texture and color features [30]. The
structure of the method allows for extremely high dimensional feature spaces (> 80, 000

dimensions) but dynamic features for each image are only 3,000 to 5, 000 [1].
2.2 Features of an image

Images are largely defined by features like color, shape, and texture [32]. Other than
these three vital features, there are a few more features of images that also describe the
content of images and are helpful in the extraction of information from images. An

overview of image features is given in this section.
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2.2.1 Color feature

Color is a vital and extensively used representative of an image characterized through
some color model. The most commonly used color representations are RGB, YCbCr,and
HSV. Various formulas are used with the RGB model to produce YCbCr and HSV
models. A histogram is usually utilized for representation of color. It does not provide
semantic statistics but is modified to revolve, transiate, and scale an object. Thus, two
images having similar histograms might differ from a contents point of view. Generally, a
color indexing process is applied to retrieve images based on color content. Color
moments indicate dissemination of color in an image [2]. Removal of color, competent
cataloguing, and sound recovery are criteria for a good method. A number of essential
objectives must be satisfied in the system, such as automatic abstraction of color,
proficient indexing, and effective retrieval [30]. HSV color space is used to segment an
image by the region growing approach. Image content is represented by the shape, color,
and position features of all the regions in an image. A probabilistic structure is then
employed to model the first order region properties and the second order spatial
relationship of all the regions of an image. These relationships are calculated

concurrently to evaluate the similarity between two images [32].

A method has been suggested for color indexing which offers for automatic abstraction of
local color regions, effectual indexing, and exceptional query performance. Color
indexing is carried out using two main techniques: the first is indexing by global color
distribution and the second is indexing by local or regional color distribution. Global
distribution indexing allows for the comparison of whole images while local distnbution
facilitates matching between regions confined within images. Color indexing by global
distribution has good results when the user is not concerned with the location of color
regions or objects in the image. Indexing by local distribution works efficiently when the
user is concerned with the discovery of different objects in images. The later method is
more complicated as it needs the effective abstraction and demonstration of local regions.
Both methods require automated extraction and efficient representation of color. Thus,
the feature extraction method comprises of two phases: the first is the extraction of

regions and the second is the extraction of region characteristics. The technique used for
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region extraction partially uses the color histogram and back propagation for comparing
images. The purpose of back propagation is to create the most probable position of a
spatially confined color histogram within the image on to the image of proportion of the

query histogram and histogram of the image [30].

Back propagation images stored in the database are pre-computed with predefined color
sets. By treating these back propagations beforehand, best matches are returned at the
time of query without calculation. Color features can be represented by mean color,
prominent color, or a color histogram. A color histogram is computationally hard and is a
high dimensional feature vector. It is more appropriate for global color regions than local
color regions. A binary color set is another technique for demonstrating the color content
of the image selecting colors that are sufficiently existing [30]. The joined possibilities of
three color channels can be demonstrated through color histograms. The color histogram

is given by the following equation:

hist[r,g,b] = P.Prob{R =7,G = g,B = b} (2.1)

Where P is used for the number of pixels in the image and R, G, and B are the three color
channels. The color histogram is calculated by counting the number of pixels in the
image and discretizing the colors in the image. The three channel histogram is
transformed to a single variable histogram. The transformation of RGB is givenbym =r
+ Nrg + NrNgb, where Nr, Ng, and Nb are the number of bins for three color channels.

This provides a single variable histogram.

H[m] = N.Prob {M = m} (2.2)
The transformed color between RGB and generic color space xyz is denoted by
(x,y,z) =t(r,gb) (2.3)
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There are four stages in the extraction of color regions and their features:
1. Transformation, quantization and filtering
2. Back propagation of binary color sets
3. Region labeling and threshold
4. Region feature extraction

The aim is to diminish a certain subset of colors and unimportant color information in the

mmage. Thus prominent color regions are accentuated [30].

The first stage in color set back propagation is color processing. The color image is
filtered and down-sampled to eliminate insignificant details, and then the color regions
are extracted by methodically filtering over the color set for the image. A bi-level image
B[m,n] is then filtered to eradicate noise and connect neighboring regions. B’[m,n] 1s
produced by ﬁltéﬁng B[m,n] with a 525 box median filter U[m,n]. The filtered image
B’[m,n] is labeled with a unique non-zero label where each label is analyzed with regard
to several thresholds. A zero label is consigned to a region not meeting any of the
thresholds. After thresholding, colors are assigned the different regions from the color set
such that there are not less than a specific number of pixels of that color in an image. The
color set is recorded of these regions, and the area and location of each region is also
measured. The location of each region is represented by the minimum bounding
rectangular (MBR) that hems in the region. A feature table is then constructed to store all
the features [30].

Color is considered to be the most effective image feature in almost all CBIR systems
because of the advantages of effectiveness, robustness, implementation easiness and low
space requirements. However this feature alone might not produce optimal results while
retrieving images from large databases as the information retrieved in snot enough,
therefore their combination with other features have been tried and proved to produce

better results [31].
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2.2.2 Texture feature

Texture is yet another vital characteristic used for the classification and recognition of
objects. Texture representation methods are basically structural and statistical. Structural
features provide information related to the structural arrangement of planes and objects in
the image. Texture is an overall characteristic of an image that is not divergent for each
image separately but is subject to its intensity distribution of pixels over the image. The
texture features of an image include image properties like scalability and perodicity.
Statistical features include the overall statistical parameter calculated from the intensity
values of pixels. This type of feature also calculates the parameters constructed from the
co-occurrence matrix [33]. Widely used techniques for the extraction of texture features

are the gray level co-occurrence matrix (GLCM) and Gabor Transform, etc [2].
2.2.2.1 Grey Level Co-Occurrence Matrix

The first and most widely used method for the extraction of texture features is
constructing a grey level co-occurrence matrix. This method was proposed by Haralick et
al. [37] and 14 different descriptors were suggested by the authors. These descriptors
included energy, contrast, correlation, homogeneity, entropy, and others. Each of these
descriptors represents one property of texture.

This method finds out the occurrence probability C (i,j | Ax Ay) of a pixel pair with
intensity 1,j, spacing between pixels Ax and Ay in dimensions x and y. Some of the

texture attributes are defined as follows:

Energy: Encrgy measures the homogeny that ranges from 0 to 1. It finds out the intensity
between a pixel and the neighboring pixels over the image. Energy is given by the

following equation:

Energy = Z C(i,j)? (2.4)
L
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Contrast: This measures the intensity contrast between a pixel in the image and its

neighbor. It is represented by the following equation:
Cont = Z(i —- )2 CGp) 2:5)
Lj
Where i represent a pixel in the image and j is the neighbor.

Correlation: This finds out how each pixel is correlated to the neighboring pixel over the

whole image. It ranges from 1 to -1. Correlation is represented as:

i— | — C(i,j (2.6)

Corr = Z (i — ) = 1,)CGH)
7 J0x0y

Where u is the variance and ¢ is the standard deviation of pixels in image x, i.e. the query

image and image y, i.e. the database image.

Entropy: Entropy converts any class except for logical to unit 8 for the calculation of the
histogram count, so the values of pixels are discrete and are directly related to the value

of a bin in a histogram. It is defined by the following equation:

Entropy = — Z C(i, NlogC(i, ) 2.7
Lj
The co-occurrence matrices are calculated at four different orientations: 0°, 45°, 90°, and

135°, and all these values are extracted from these four matrices [38].

As grey scale is 256, the size of the co-occurrence matrix will be 256 x 256. Humans
mostly measure the similarity between two images based on uneven texture features. The
grey scale can be compressed to decrease calculations. Therefore, the computational
complexity of co-occurrence matrix depends greatly on the number of gray scales used

for quantization [2].

Example: A co-occurrence matrix calculates the relative positions of the points with
various intensities. A matrix Arx is generated with dimensions L x L using the constraint
generated by the position operator p. Therefore for this matrix A the intensity values

ranges from 0 to L-1. The gray levels for this matrix are then given by zo, 21, ... ZL-1.
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A particular element suppose a(i,j) of matrix Ar.L indicates the number of times points
with intensity value z; occur at a position determined by P relative to points with intensity
zi. So, a point is taken with certain intensity value within the texture image suppose z; and
following the position operator p we come to some other points suppose zj. The operator
a(i,j) indicates that how many time such a pair z; z; is indicated by the location operator

that appears within the given texture.

Example: Suppose image I with three distinct intensity levels is given by the following

matrix
0 0012
11011
I=12 2100
11020
00101

Let P =1 pixel to right.

For the above matrix there are three intensity levels and are given by zi = 0, z1 = 1 and z;

= 2. Now matrix A will have dimension 3 x 3 and is given as
4 31
A3x3=13 3 1
111

To get the co-occurrence matrix we need to find the total number of occurrences suppose
n of all the pairs within the image and n= 19 for the above image example. Co-occurrence

matrix is the division of all the elements of matrix A by n and is given as
C==A
19
2.2.2.2 Gabor Transform

Gabor filters have been deployed in image retrieval, texture amalysis, and different
computer vision applications. The Gaussian function represents the general functionality
of two dimensional (2D) Gabor filters. The 2D Gabor filter is represented by the

following formula:
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G(x.y,T.6,3x,3y) = #xay e [— %((;—x)z + (aly)z) + kT(xcos® +ysin@) (2.8)
Where k=v—1, dxand 3y are the scaling parameters of the filter, T is the radial
frequency of the sinusoid and 8 € [0, ] specifies the orientation of the Gabor filters.

The Gabor filtered output of the image is attained by the involvedness of the image with
the Gabor function for each of the spatial frequencies or orientations. Although it has
good multi resolution and multi orientation properties but it is lacking of the non-

orthonormal bases. However, in feature extraction process non-othonormal properties are

not considered [2].
2.2.3 Shape Feature

The shape feature is also one of the core image features used to find similarity between
the query image and database images. It is an important and pivotal visual feature for
image content description. The methods used for the representation of shape features can
be divided into two different groups. One method characterizes the region in terms of its
boundary or external characteristics and is known as the external method. Another
method represents the region based on its internal characteristics, i.e., pixels forming the
region, and is known as the internal method. Shape features comprise of two main
classes: region descriptors and boundary descriptors. The former uses the whole area
while the latter uses only the information existing in the contour of the object. Circularity,
discontinuity, aspect ratio, angle irregularity, complexity, right-angleness, length

irregularity, sharpness, and directedness are features of the image’s contour.
2.2.3.1 Region Descriptors

Regions are explained as simple geometrical parameters, €.g., an area or density measure.
The density measure is a ratio of the square of the pertmeter to the area. The density
measure is invariant to uniform scale variants and takes its smallest value in a circle
shape region.

Grid based method: The grid based method describes the shape of an object. It can be
described by two steps. The first step is the superimposition of a grid having cells of an
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explicit size, and the second step is the transformation of cells of a grid from top to
bottom and from left to right.

Moments and their invariants: Moment invariants are presently the most common and
broadly used region descriptors. These are based on the calculation of geometrical
moments of the function of two variables [33]. Region based shape descriptors utilize a
set of Zernike moments calculated within a disc centered at the center of the image.
Zernike moments have many advantages such as rotation invariance, robustness,
expressiveness, effectiveness, and multilevel representation [2].

Zernike moments calculates the angular frequency only where circular spectral features
are not counted. The circular features captured by Zernike moments depend on the
number of angular frequencies taken. Suppose the number of Zernike moments used 1s 36

then only 10 circular features are captures as shape descriptors [34].

Region based methods are good at indentation and other shape defection problems that
cannot be handled well by contour based features but these methods are complex to

implement [40].
2.2.3.2 Boundary Descriptors

The chain code: This defines the boundary of an object as a series of lines with certain
orientation. A chain code is constructed by superimposing the image with the gnd.
Boundary points are then estimated by the adjacent grid nodes and neighboring nodes are
connected by the lines.

Signatures: Signatures illustrate the boundary of a 2-D object through the function of a
variable that can be easily described in comparison with the original 2D boundary.
Fourier descriptors: This is one of the most widely used methods for calculating contour
parameters. The main idea of these descriptors lies in the presentation of discrete Fourier
transform to a signature and using Fourier coefficients acquired as parameters defining
the contour [33].

Fourier descriptors showed 100 % retrieval results of rotated shaped and almost 100%
correct precise retrieval non- rigid and scaled shapes. The advantage of FD is that it can

retrieve shapes with severe indentation that cannot be detected by contour based features.
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Boundary of image can substantially change upon scaling. If scaling is performed at large
level then the contour based features cannot detect the object and thus fails to retrieve the
relevant image. However, FD is not affected by even large scaling. Thus, FD is more

vigorous to shape variations [36].

2.2.3.3 BAS: Beam Angle Statistics

BAS are beams that are initiated from a boundary point of an object and are described as
lines connecting that point with the remaining boundary points, contributing to the
construction of shape descriptors. The angle between a pair of beams is calculated at each
point to haul-out the topological arrangement of the boundary [11]. Third order statistics
of all the beam angles in a set of neighborhood techniques are then exhausted to define a
shape descriptor. BAS is invariant to scale, translation, and rotation, and is insensitive to
distortion. BAS transforms 2-D shape information into 1-D, representing all convexities
and concavities of shape with nominal distortion, which is based on the reference point
with the other points on the boundary. At each point, the angle between a pair of beams is
considered with the abstract topological structure of the boundary. The representation

avoids leveling to preserve all the obtainable information in the shape [39].

Contour-based features have gained more popularity in literature in comparison with
region-based methods. The main reason behind this is human perception, they
discriminate shapes based on the contours. Another reason could be the shape contour
being the only concern where interior content of shape is not essential. Contour base
methods have also some limitations for example scaling and indentation of shapes might

affect the retrieval performance [35].
2.2.4 Edge-Based features

Edge shape image features of objects are extracted with the comparative locations of
edge pixels. Image features of the original features present in the database are taken out
in advance and are kept in the matching table [12]. Original images are perceived from

the edge and are skeletonized as a preprocessing step. Irregular sketches of the query are
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drawn by using input devices as binary lines. Features of the query sketch are extracted
by the system and are compared to the image features in the matching table by computing
the Euclidean distance in the feature space. Features of the binary line images are
extracted. Pixels of interest are taken and on it the number of other edge pixels in each of

the eight regions is counted.

C.
== (e 1)}
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Where Cx is the number of pixels in each region and C is the pixel count. This is
normalized and given by Si(C # 1). The thresholding technique is applied to find the
value of the binary pattern fi.. The system is checked and proved to be scaled, shift, and
rotation invariant. For retrieval, the system computes the Euclidean distance between
features of the query image and features in the matching table in 256-dimensional feature
space. Then the candidate image is given according to the increasing Euclidean distance.
This system has produced better results compared to the conventional method reported by
Anil K. Jane et al., which used a histogram of local edge detection. The results have been
evaluated in terms of retrieval efficiency [14].

Graphical rough sketches can be used to describe important features of the image such as
edge-based features of shape and texture. Effective extraction of edge-based features of
shape is difficult. Work has been done in automatic extraction of scale, rotation, and shift
invariant image features from an object’s edge and application of these features to

content-based image retrieval [12].
2.2.5 Local features

Local features are calculated in an image on certain interest points. For this purpose,
different forms of interest point detectors like affine covariant features and difference of
Gaussian are used. These are used in combination with global feature descriptors, for

example, the affine covariant feature detector is used in combination with the SIFT
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feature descriptor. To compute the similarity between images, four approaches are

compared with increasing complexity [3].

Simple: This is the first approach used. Here the comparison between images 1 and j is Sj

and is defined as:

k e image;

k is the number of features in an image i. For each feature fi a nearest neighbor gk is
taken with label Iz such that it is not in the same image. Finding Sj simply counts the
number of neighbors that belong to image j. 1{.} is an indicator function that retums

when the expression in the parenthesis is true and false otherwise.

NN-ratio: Here images are further processed with at least five nearest neighbors; these
five images have the potential of being similar that is started by an exhaustive nearest

neighbor search between the features of images i and j. Here similarity is computed as:

Sy= Y 1{d (i gu) % 8 < d Uik, 92)) @12
K

Where d measures the difference between two feature vectors, gik is the nearest neighbor

to fi and gic is the second nearest neighbor, 81>1 is a constant. A feature fk 1s counted

when the distance to its nearest neighbor is considerably lesser than the distance to its

second neighbor 61=1.1.

Image-aff: Spatial consistency of matched features is checked after getting the neighbors
between images i and j. The RANSAC algorithm is used to fill an affine transformation
Hij that records locations of features in image i to the corresponding feature in image .

This similarity is:
Sij = Z 1{d (H;;(xu), xjx) < 83} (2.13)
k

Where xj is the location of matching features in image j. This counts the number of

features consistent with the calculated affine transformation Hj;. 82 = 25 pixels.
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Region-aff: Some regions of the image can undertake different transformations and the
similarity measure can be enhanced by considering different affine transforms for
different regions in an image. The image is divided into 200x200 pixels overlapping
regions with a stride of 100 pixels and a spectrum affine transform Hjy is fitted for each
such region. The overall number of features depending on these individual

transformations is then counted as:

Sy = Z 1{d (Hij(xa). xj5) < 83} ,where 8; = 10 pixels (2.14)
ki

Local features give more accurate results by giving an average precision greater than

50% when they are used with global features for example affine covariant feature

detector are combined with SIFT [3].
2.2.6 Appearance-based feature extraction

Appearance-based feature extraction techniques like principal component analysis
(PCA), linear discriminate analysis (LDA), and independent component analysis (ICA)
transform images into a lower dimensional subspace. Some methods have shown good
results using appearance-based techniques. The image is down sampled into 32x32 or
any other lower dimension subspace and comparison is performed using any distance
measure, The images are then classified with database images based on a distance
measure. A contradiction exists in the literature regarding comparing the performance of
appearance-based methods. Some researchers proved PCA as the best feature extraction
method while others reported that LDA was the best. Others focused on ICA and showed
its results to be better than the other feature extraction methods. Hence, no conclusion has
yet been reached regarding the best performing of these dominant feature extraction

techniques. Each method has achieved good results on different data sets [41].

“In PCA”, a set of d-dimensional training images is arranged in a dxC column data
matrix. PCA derives a mapping @ from the original d-dimensional space to a lower

dimensional space, y; = W7 (xi-p),
Where y; (i=1, 2. 3...C) denotes a d"-dimensional PCA feature vector and p stands for the
mean of all the training images. It is the simplest of the true cigenvector based multi
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variant analysis. It reveals the internal structure of the data in a way which best explains
the variance in the data. The lower dimensional picture that it provides is very
informative. A few principle components are used to reduce the dimensionality of

transformed data [41].

Another technique of appearance based feature extraction is LDA (Linear Discriminant
Analysis). Its objective is to improve PCA by also considering class membership
information. PCA is usually considered as more appropriate for the task of data
compression and LDA for the task of classification. For better results, PCA and LDA are
often combined. PCA is used to trim down the dimensionality of data and LDA is applied
in reducing space.

The third most dominant feature extraction technique is independent component analysis
(ICA). It is an extension of PCA which tries to minimize higher order dependencies in the
training images. It represents non-orthogonal transformations. The most prominent of
ICA’s algorithms are algorithms Jade, InfoMax, and FastICA. ICA is presented in
different architectures. The first is ICA Architecture I (ICA1) and the second is ICA
Architecture 11 (ICA 2). The first one seeks statistically independent basis vectors, while
the other onc seeks statistically independent features. Both ICA Architectures can be
employed either through the transformation matrix of the PCA technique or through PCA
feature vectors corresponding to the training images of the FASTICA algorithm.
Experimental results have shown that LDA outperforms other techniques in face
recognition. All the techniques mentioned above reduce similarity in their results when
they are subject to degraded images. Among all these techniques LDA give better results

by producing the minimum error rate with most of the tested degradations [41].
2.3 Feature extraction techniques

There are several methods of feature extraction and selection. They have been proposed

at different times and are based on different approaches.
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2.3.1 Textual annotation

One of the major improvements achieved in image retrieval is the addition of textual
information. Results can be improved specifically if query images are semantic in nature,
as the retrieval process is difficult when based on just visual information. FIRE is one of
the systems proposed that incorporates textual information in addition to visual
information. Image retrieval tasks in FIRE can be performed by applying a decision rule

that calculates a score for each image in the database.

For a set of positive sample images represented by Q+ and negative sample images
represented by Q-, the score S (Q+, Q-, X) can be determined for each database image. X

with respect to query image as:

S(0*, 0. ) = z S(q,W) + Z (1 = 5(a.5) (2.15)

geQt qgeQ-

In a query (Q+, Q-), images are placed in descending order of score and images with the
highest score are returned. As mentioned earlier, textual information is incorporated in
FIRE. An existing information retrieval engine is normally used. An alternate of smart-2
retrieval metric is implemented by this engine. The first step is the removal of
insignificant function words. A list of 319 words is made called the stop word test.
Porter’s stemming algorithm is then used to decrease the lefiover words. The stemmed
words create the index terms that are used to index the text documents given with the

image data [42].

One text document is attached to each image in order that textual information may be
used in the image retrieval process. In order to find the distance between a query image
with text and a database image with attached text, textual information retrieval is queried
first using the query text. A list of all relevant text documents is produced based on the
textual information retrieved from the database. These documents are categorized by
retrieval status values. This value is high for documents like the query and low for

dissimilar documents.
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The second most important task is automatic annotation. The objective of automatic
annotation is to minimize a large number of images into a small number of classes. There
are two methods available for this task. The first method is similar to the approach used
for medical retrieval tasks, except that in medical retrieval tasks, no textual information 1s
available. The second method is a general object recognition method using a histogram of

image patches and discriminative training of the log linear method [42].

There are several limitations of the text annotation method. First of all, it is difficult to
append text with large volumes of databases. A lot of labor is required and the text added
is based only on human perception. Some image queries cannot even be described

properly. Also, these methods can be implemented using one language only [42].
2.3.2 Genetic programming approach

The genetic programming method can be applied in the process of image retrieval in
CBIR. It has been used in CBIR because of its attainment in other machine learning
applications, e.g., it can deliver better outcomes for pattern recognition compared to
classical techniques like support vector machine (SVM). It accepts non-linear
combinations of descriptors and images are retrieved based on their object shape. Genetic
programming (GP) is applied to generate a composite descriptor and combines the
predefined descriptor. The GP technique 1s then used to combine similar values obtained

from each descriptor, integrating them into an effective similarity function [43].

Genetic programming is a simulated intelligence problem solving technique based on the
principle of biological inheritance and evolution. Each potential solution is called an
individual (chromosome) in a population. More individuals are created by applying
genetic transformations such as cross over and mutation for better performing individuals
in subsequent generations. Each individual is assigned a fitness value by some fitness
function. GP has some key components, which are terminals, functions, fitness functions,

reproduction, and mutation.

Combining different descriptors by GP is an iterative process. At first, GP works on a
huge population of random combination functions. These combination functions are then

caiculated based on the relevant information and training from images. Genetic
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transformation systems such as reproduction, mutation, and crossover are used for the
modification of population individuals. The best individuals are selected and copied to
the next generation by the reproduction operator. Variation is brought by mutation and
crossover operators. Mutation operates on one individual while crossover operates on two

individuals.

A CBIR system using GP can be modeled by taking into account an image I as a pair of
(D1, 1), where Drc 72 is a finite set of pixels, and I is a function that assigns to each pixel
p in D1 a vector I(p) of values in some arbitrary space D". GP combines simple descriptors
because of three reasons. The first reason is the large search space size for combination
functions, the second reason is the previous success of using GP in information retneval,
and the third reason is that no work has been done on applying GP to image retrieval

[43].

Genetic programming combines simple descriptors into composite descriptors Dgp where
dp gp s a mathematical expression represented as an expression tree. Non-leaf nodes of
this tree are numerical operators and leaf nodes are similarity values d; i=1,2,......k. The
overall retrieval process can be divided into two different approaches based on the use of
validation sets in the similarity function discovery process. The use of validation sets
aims to avoid the effect of over training or over fitting. In a GP based retrieval framework
without validation sets, the population starts with a random creation of individuals and
this population evolves generation by generation through genetic operations. Each
individual in a population is assigned a fitness value by using certain fitness functions.
This value is used to select the best individuals. Then, genetic operators are applied to
this population for more diverse and better performing individuals. Finally, the best
individual - the one with the best performance in the training set - is determined and
applied to the test set. GP frameworks with validation sets, however, do not consider this
individual with best performance as the best individual as over fitting may occur in the
learning phase. To remove this process, the best individuals over the generations are
applied to a validation set. These individuals with best average performance in both sets,
i.e., training and validation, are selected. The average, albeit, does not ensure that the

selected individual has a similar performance in both sets as such a bias is corrected by
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considering the standard derivation. The GP framework is flexible and can find better
similarity functions than the ones obtained from the individual descriptors [43].

The method described in the above paragraph has shown considerable improvements in
results due to the incorporation of computational intelligence techniques in the system,
but only shape features are used and the system is only applicable on a limited number of
databases. Color and texture are important features that might improve its performance

[43].
2.3.3 Implementation of Fuzzy Logic

A novel fusion structure for image retrieval has been proposed that is established on
regional color and texture features, as well as global and semi global EHDs. The first step
of this approach is to segment an image into different regions based on exclusive color
features. Image retrieval is then taken based on global and semi global EHDs. Region
based fuzzy texture and features are integrated for a region matching color-clustering
_ based method used to segment an image since color features are considered more
important than other features. The proposed segment method is good enough for retrieval
because in image retrieval accurate segments are not required. The segmentation process
starts with the dissection of the image into non-overlapping square image-blocks. The
size of each block is selected to be 2x2. Regarding the color features for each image
block, K-Means algorithms are used to group these color features into several sets; each
group in the image features space relates to one spatial region in the image space. The K-
Mean algorithm works iteratively and accommodates the fact that the number of regions
in an image is unidentified before segmentation. Suppose there are M blocks M (xi=1,
2... M) for an image. The aim of K-Means algorithms is to group each of the M blocks
into one of the K clusters, whose cluster centers are x1, X2......xx and to minimize Dx where
segmentation starts at k=2 and stops at i™ iteration (i.e., total number of clusters k equals

i) if piis less than a threshold or |D;-Di-1] is less than another threshold [4].

A set of regions will be obtained as the result of segmentation. Each region is represented
by color and texture features. The color feature f° for each region j is the 1-Means cluster

center of this region, i.e., the average of color features of all image-blocks in this region.
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Here the computational cost of the driving regional representative texture feature is
minimal compared to other methods where texture features of all image blocks are
calculated and then averaged on the basis of segmentation results. Each regional color
and texture feature is then fuzzified and fuzzy matching is applied on these fuzzified
features. Any member function with a smooth transition between 0 and 1 can be selected

for fuzzification.

It is hard to find an active and proficient fuzzy membership function using appropriate
parameters with all types of images. Also, possible dilapidation of the retrieval
performance may occur when segmentation becomes very accurate. Therefore, global and
semi global EHDs are added to the system. The main advantages of using these EHDs are
their important characterizing features. The EHDs are independent of segmentation and
are invariant to rotation, translation, and scaling. Four categories of edges - namely
horizontal, vertical, diagonal, and non-directional — are utilized to represent edge
orientation in sixteen sub-images. The image space is divided into sixteen non-
overlapping sub-spaces. The EHD is a total of 5x16 histogram bins. Global and semi
global edge histograms are constructed on the basis of the EHDs. The global EHD
represents the edge distribution for the entire image and for the semi global, five different

clusters are generated [4].

Another method suggested by Hsieh and Grimson represents every image by a group of
models and their spatial relations. Each model is described by a set of principal
segmented regions. These templates reflect various appearances of an object in different
conditions. The combined color, texture, and symmetrical feature dissimilarity between
each region and model is calculated to find the visual similarity. Then, this visual

similarity pools with relation similarity to measure the global similarity [44].

Fixed and static fuzzy membership functions are used in these systems. These functions
have to be revised for different databases and different image categories. Also, the
number of image features can be increased and different similarity measures should be

used to find the distance between two feature vectors [44].
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2.3.4 Implications of Principal Component Analysis (PCA) and Neural Networks

One approach for feature extraction in CBIR is to reduce the dimensionality of the data
set. Dimensionality of the data set is reduced when the original variables are trained but
processed into smaller sets to retain as much information as possible. These are
considered as merits of feature extraction. Dimensionality of the input set is reduced
mostly at the cost of a loss of accuracy because it can be achieved by either eliminating
data to make a smaller set of features. PCA and auto associative neural networks are
feature extraction techniques, whereas for selection we use genetic algorithms and
sensitivity analysis. In PCA, the covariance matrix is calculated and its eigenvectors and
eigenvalues are found, then the largest eigenvalues are retained. The associative neural
network consists of a multilayer preceptor with d inputs, d outputs, and M hidden units,
with M<d. input vectors given to the network as the targets used to train the networks.
Thus the network maps each vector on to itself. Input vectors may not be perfectly
reconstructed because of the lesser number of units in the middle layer. Using neural
networks for feature extraction has not yielded good results as the dimensionality of the
data set is reduced, which results in the removal of some features. In the radial basis
function, however, the effect is less severe. Research indicates that PCA and sensitivity

analysis techniques have produced optimum results [50].

These systems might improve the retrieval results but there arc still some issues
associated with these systems. Training of the data set is time consuming and reduction in

the number of image features might affect the accuracy of the system.
2.3.5 Machine Learning Techniques

Machine learning can also be integrated into CBIR. Certain situations extst where the
CBIR method is used for a special task. These images are investigated from a specific
domain and there are a group of queries and related known images. In such conditions,
parameter learning for a system is possible to optimize retrieval performance. Relevance
feedback (RF) involves machine learning technology used in CBIR. RF is a procedure
where the user relates with the method to report on relevant images for optimal retrieval.

[46] presents a survey of relevance feedback technologies for image retrieval until 2002.
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Most of the approaches have marked images as individual queries. The most recent
approach, however, is a query instance based approach [47] or support vector machine to
use a two-class classifier [48]. This approach is similar to the one presented in [44] as
both follow a nearest neighbor approach, but instead of using only the best matching

query/database image combination, all query images are jointly considered.

Relevance feedback is employed to narrow down the gap between low level feature
representation and the user’s high level semantic concepts. Images are classified into
relevant and irrelevant images by relevance feedback. Binary class SVMs with relevance
feedback may not give accurate classification of small training samples. This limitation
can be overcome by using one class SVMs to form relevance feedback for content-based
image retrieval. A framework has been proposed in which one class SVMs are ensemble.
The final decision of the ensemble framework depends on the number of votes of one
class SVM classifiers. Each of the one class SVM classifiers is trained by using different
sub feature vectors. The image is first segmented by either a block-based or region-based
segmentation method. Then, features of each region are extracted. One class SVM
classification is used to classify one class of the target sample from all other class
samples. Each of the one class SVM classifiers selects the top 100 matched images.
Then, the top 20 images are provided for users to label. Relevance feedback improves the

accuracy of the retrieval process by giving higher precision values [49].

Research focus has shifted from finding low level feature extraction algorithms to
reducing the semantic gap between low level features extracted from an image and high
level features understood by humans. The semantic gap can be reduced by using certain
current techniques that can be divided into five major categories. Object-ontology
provides a mapping of descriptors to high level semantics. Color and texture quantization
is key in such systems. These systems are easy to design and are suitable for systems with
simple semantics. For more complex semantics, machine learning techniques are
required. A decision tree is an effective image retrieval tool in mapping from low level
features to high level concepts. Relevance feedback (RF) has promising results in
reducing the semantic gap in the image retrieval process. A semantic template is also a

useful and practical way to reduce the semantic gap. Web image retrieval is a new
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concept in the image retrieval process to reduce the semantic gap. It is an active research
area and a practical product of it may come in the near future. There is so far no generic

approach in high level semantic based image retrieval [50].

These systems have been implemented and tried on static databases; however, the
challenge now is to dynamically update the hierarchal data based on user information that

is fed to the system.
2.3.6 Miscellaneous Techmiques

Image semantics has been taken inte consideration in a technique proposed in [51]. Here,
feature extraction is followed by a region based distance measure. Comparison of two
images is made through semantic categorization. The retrieval speed of this system is
high, and is measured through incorporated region matching with feature clustering.
Another image retrieval method based on image segments has been proposed in [52].
Here, learned region weights and region codebooks are utilized in the process of image
retrieval.

In another study, instead of using image regions, similar patterns of color and texture
were used for comparison of images [53]. These patterns are called blobs. To illustrate, if
one or more blobs are identified by a user as a ‘flower’, then the search can comprise of
looking for a flower in other images which probably have different backgrounds. This
can lead to a semantically more specific representation of the operator’s query objects.

A hierarchal perceptual combination of basic image features and a relationship between
different features for structure categorization has been proposed in [54]. Here, vector
quantization is used on image blocks to codebooks for retrieval and representation
inspired from text-based techniques and data compression. Another hybrid technique is
proposed in [55], which uses rectangular blocks for segmentation of the background or
foreground on the user’s query region of interest. A database search is then performed by
using only the foreground regions.

A statistical method containing the Wald-Wolfowitz test for the comparison of non-
parametric multivariate allocations has been considered for color image retrieval [62],

signifying images as groups of vectors in RGB-space. A number of techniques proposed
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in the recent years [63, 64, and 65] assume that feature space is a multiple fixed in
Euclidean space. The design of the interface has been improved by clustering. A
renowned technique proposed in [66] is based on feature extraction at the global level. In
this study, advanced color and texture (ACT) features are used in the calculation of the
feature vector.

The impact of features on image retrieval has been highlighted in many studies where so
¢ features are selected for the calculation of feature vectors and others are skipped. The
technique proposed in [56] used color and texture features. The features are used
separately as well as in fused form, however, it has been concluded that addition of shape
features will improve retrieval performance of the system. Another CBIR technique
proposed in [57] is based on edge based structural features or shape features. A new
algorithm is proposed that detects edges in images without calculating shape features.
The algorithm was tested on images of cities, buildings etc where the retrieval
performance is much better than another texture feature based extraction method. But for
images with rich content like horses, cars etc the results of the proposed method based on
edge based features were not good. The main reason given for poor results are that the
information retrieved from these images was not enough. Even though with the edge
based features results are not good enough, they are improved by adding color and
texture features. Further improvement is brought by addition of relevance feedback into
the system. Precision with the edge based feature was only 1.42 which was improved to
2.25 by adding color and texture features.

The impact of image features is of considerable importance in CBIR systems. Most of
these systems used the finest features for the construction of the feature vector but hardly
any of the systems tried to incorporate all the vital features. Our main objective for the
improvement of retrieval results of CBIR systems is to add all the vital features to the
feature vector. Selection of the optimal feature from each category such as shape, color,
and texture may improve the retrieval results. Additionally, combining these features
with different distance measures instead of just one might affect the system’s

performance in a positive way.
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2.4 Similarity Measures

The distance measure plays a vital role in the process of feature comparison in CBIR
systems. Different similarity measures have been used in these systems to get the best

possible results.

Euclidean distance: One of the most widely used distance measures is Euclidean
distance. Euclidean distance is the measure of the difference between a group of pixels in
each bin of a histogram of one image and a group of pixels in each bin of a histogram of
another image. Using Euclidean distance has an advantage in that adding a new image to
the database does not have an impact on the distance between the query image and the

existing database images [48). It is represented by the following equation,

dist (1,1p)= (Vg —Vd)?

Where Vg is a feature vector of the query image and Vd is the feature vector of database

images.

Euclidean distance is compared with 6 other distance measures city block distance, sum
of squared of absolute differences (SSAD), Canberra distance, maximum value distance,
minkowski distance, sum of absolute difference SAD in [58] and results show that the
retrieval performance using Euclidean distance is better than other distance measure used

for comparison of feature vectors.

Manhattan distance: Another form of distance measure used in CBIR is Manhattan
distance. It finds the similarity from one pixel to another in the form of a grid. The
distance between two pixels of two images is calculated as a summation of the

dissimilarity of the corresponding pixels. Its equation is given as follows:

Manhattan dist = Z Dxi — @yl (2.17)

Where i has values from 1 to n; p and q denote the database and query images
respectively [67]. Distance between two points in a grid is based on horizontal or vertical

path i.e. end to end with the grid lines opposite to diagonal. The Manhattan distance 1s a
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sum of the vertical and horizontal components, where diagonals are not counted and can

be calculated by using Pythagorean Theorem [59].

Histogram Intersection: Histogram intersection is the similarity measure used in CBIR
systems for the comparison of histograms. It unearths the common fragment of two
histograms and does not rely on features present only in one histogram. The histogram

intersection of the two histograms is given by the following equation:

Ak =y minhu k) 218)

Histogram Intersection is the best distance measure for finding the distance between two
histograms and works well for comparing the color content. Histogram method is a
process of global image illustration. It removes the information about shape, texture and
location. Images can have the same color content but different semantics where

histogram intersection might not be produce accurate results [60].

Mahalanobis distance: Mahalanobis distance is another similarity measure used in
image retrieval. It is based on the association between variables and is used for analyzing
different patterns. The distance between a known data and an unknown sample data can
be easily determined by using the Mahalanobis distance measure. Here, the unknown
sample data refers to the query image and the known data set is the database images. The
equation used to find the Mahalanobis distance between query Q and target image T is
given by the equation:

-1
Mahalanobis dist(Q,T) = (og — o)’ Z (00 — o7) (2.19)
1

Where 6qand ot are the mean vectors of query image Q and target image T [9].

Regardless of its strength in finding the accurate distance in clustering data, Mahalanobis
is has a major flaw of time complexity which is considerably high. Also a huge size of

samples is required for training [61].
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Minkowski distance: Minkowski form distance is an appropriate distance measure for
finding the difference between two images where the dimensions or feature vector of
each image are independent of one another and are equally important. It is the most

widely used similarity measure in image retrieval and is given by the following formula:

Minkowski dist(x,y) = (D [Vi0) = Vi) ") (2.20)

Where x is the query image and y is the image in the database; V;(x) 1s the number of
pixels of image x in bin i [68]. The main shortcoming of Minkowski distance is that

matching is done between similar bins of histogram.

Quadratic form distance: During comparison of two images, certain pairs of bins in a
feature histogram correspond to features that are more related than other pairs. For such
comparisons, Minkowski distance is not considered as a good distance measure as it
treats all the bins entirely independent of each other. Quadratic form distance is

introduced for such problems. It is given by the following equation:

2.21
QD(x,y)=J(Vi—V,-)P5(vi—vj) 2.21)

Where, S = [s;] is the similarity matrix, s;j = similarity between bin i and j, Vi and V; are

feature vectors

Quadratic form distance has been widely used in CBIR for color histogram comparison.
It has shown better results compared to the Histogram Intersection method and Euclidean

distance [68].

The performance of different similarity measures has been evaluated through various
studies conducted over recent years. It has been found that Manhattan distance yields the
best result in image retrieval. Its performance is reported to be marginally better than
Euclidean distance. Quadratic distance’s performance, on the other hand, has been shown
to be considerably lower than the Euclidean and Manhattan distance measures. The main
reason for this low performance is the weights related to the quadratic distance measure

[69, 70].
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2.5 Summary

Regardless of the significant progress of research in CBIR, the effect of this technology is
not considerable. This is due to a number of reasons. Firstly, regarding image semantics,
an image might not belong to only one class based on its semantics. Different contexts
can lead to different interpretations of the same image. Secondly, improvement is
required in the process of feature extraction. Most of the CBIR systems are based on
features that are pre-calculated and stored in the system. Retrieval efficiency is very slow
for such systems because of the continuous insertion or removal of images from the

database.

Furthermore, there is only slight improvement in the accuracy of the retrieved results in
CBIR systems. The reason behind this is the lack of ability of current image features to
extract the unique characteristics of the image. Another factor causing poor retrieval is
the semantic gap. Although recent research has incorporated relevance feedback to
improve results, these systems are mostly designed for static image databases and are less
effective for dynamic image databases. This study will focus on different image features
and their combination with different similarity measures. Retrieval at both the global and
local level will be utilized to find a better system with improved results. Relevance

feedback will also be incorporated to propose a suitable framework for CBIR.
2.6 Problem Statements

« Impact of segmentation on image retrieval.

+ Impact of image features (Fourier descriptors, edge histogram descriptors, and

local binary patterns) on image retrieval.

« TImpact of feature fusion and computational intelligence techniques on image

retrieval.
« Impact of automatic fuzzy membership function on the process of image retrieval.

 Impact of feature selection process on image retrieval.
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Chapter 3

3  Proposed CBIR Approach using Local and Global

Features

The two main approaches for retrieving a required image from a database are known as
the local approach and the global approach. Each method is named based on the type of
feature extraction used and the calculation of the feature vector. In the local method, the
image undergoes the segmentation process and features are taken out from each segment
independently. The global technique, on the other hand, does not rely on the
segmentation process. Rather, it uses the image as a whole for abstraction of features.
This chapter describes two methods proposed for CBIR based on the local and global
approaches of feature extraction. The three major image features - color, texture, and
shape - are adopted along with two additional features - FD and EDH - for éxtortion of
information from the boundaries and edges. Retrieval results of the two proposed
methods are compared to find the optimal approach to image retrieval. The proposed
systems are also evaluated by comparing their experimental results with some state of the

art systems in the literature.
3.1 Local Approach to CBIR

There are two different approaches to CBIR that are differentiated based on their process
of feature extraction. The local or region based approach divides the image into
meaningful parts first and then extracts all image features from each of the regions
separately. Such an approach is known as the local approach, as the image is segmented
into multiple parts each being local to the image under consideration. The segmentation
process is the initial stage in CBIR systems developed following the local approach. An
appropriate segmentation technique is adopted in order to divide the image into different
regions without any loss of information. The segmentation technique implemented for
such CBIR systems are of great importance as data loss can occur as a result of deficient
segmentation. Segmentation based on color, texture, shape, and spatial location is further
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utilized to search and retrieve similar regions from the database [24]. The segmentation
algorithm plays an important role in feature extraction at the local level and it can be
achieved by a number of means. Each method segments an image based on certain
properties [1]. Image features are then extracted from each segmented region and a
feature vector is constructed for the analogous region. Figure 3.1 shows the general flow
of processes for local level feature extraction. After the feature vector calculation of the
query image, comparison is drawn with all the feature vectors in the database and the

image with least distance is retrieved as an output.

=

Query image | Segmented image (color based segmentation}

¥

e - “ -

color textur shape

125.60 118 95.
11481 106 94 .

105.90 79 227, ’
93.77 1 17 94 .
........ Top 6 retrieved images

feature Vectors of database images Feature Vector
_—> Comparison
Vd={vV1,V2, V3, ...... Vn) Y \/(Vq-Vd)z

Image database I,

Figure 3-1: Image retrieval at local level
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3.1.1 Proposed Framework

In the proposed framework, the image will first be subjected to the segmentation process
to divide it into meaningful regions. After segmentation, all the main image features will
be taken out. The proposed system abstracts the three significant features (color, shape,
and texture). In addition to the three main image features, EHD will also be calculated to
extort information at the edges. A flow chart of the proposed technique is presented in
Figure 3.2.

Algorithm 3.1:

Step 1: Divide the query image I into 3 clusters by K-means clustering technique.

Step 2: A color histogram H is constructed to extract color feature I:f for each segment.

Step 3: Extract texture feature I: f by calculating the Co-occurrence matrix C(i, j).

Step 4: Let x|k| and y|k| be the coordinates of the & pixel on the boundary of a given 2D
shape containing » pixels, a complex number can be formed as

z|k| = x|k|+pyik|, and the Fourier Descriptor (FD) of this shape isa(u), which is given
by the following equation

1 N-1 m
a(#)=EZz|k|e PNHE (N=0, ., n—1)
k=0

N refers to the number of images.

Step 5: The edge histogram descriptor EHD is calculated from four directional edges,
namely, vertical, horizontal, 45 degree, and 135 degree, and one non-directional edge.

Step 6: Euclidean distance is used to calculate the distance between the feature vector of
the database images ¥'d and the feature vector of the query image Vg.
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Figure 3-2: Flow Chart of the Proposed Technique.

3.1.1.1 Image segmentation

In the proposed system, image segmentation is the primary step for image retrieval like
other CBIR techniques based on the local approach. Segmentation divides the image into
its constituent parts or regions. The subdivision process ends when all the objects of
interest are taken out from an image. Thus the outcome of segmentation demonstrates the
objects that constitute the image. This normally results in an image having two parts, the
foreground and the background. The foreground denotes objects of interest or important

parts of an image, while the background characterizes the left over portion {71].

Image segmentation can be attained by a number of means. Each process segments an
image grounded on certain characteristics. One of these methods is edge detection, which
has been used for many years. In this method, once the edges in an image are identified,

they can be taken into consideration for detecting different objects. All edges after
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detection can produce convenient information about different contents of the image [72].
The Canny edge detector is one of the tools used to extract boundaries from an image.
The Canny edge detection algorithm creates thin fragments of image contours and is
proscribed by a single smoothing parameter. The image is leveled with a Gaussian filter
of certain suitable spread and then gradient magnitude and gradient direction are
calculated for each pixel of the leveled image [73]. During the course of region
developing, the image is not essentially segmented, rather partitioned into regions; the
region grower begins at one end of the image and moves to the other adding the same
pixels. However, when a pixel with a changed value comes across its way, it stops and
limits the region up to the different valued pixel. Thresholding is one of the most vital
techniques for image segmentation. A value is designated as a threshold to partition the
image. The method of thresholding is also used in text categorization, that 1s, the process
of assigning text into one or more categories. The objective is to allocate a label to a new

unseen document [74].

Image segmentation is of great importance in the proposed local approach. The
segmentation method selected here is the K-means clustering technique which 1s a
flexible method of dividing the image into segments as the number of clusters is not fixed
and can be changed based on the results to avoid under or over segmentation. The
proposed system tried different numbers of clusters and then three was found as the best

choice for the proposed CBIR system.
3.2  Global approach to CBIR

The global technique extracts image features from the whole image. It does not involve
any segmentation or division of the image prior to the feature extraction process. This
study proposes a method based on global level feature extraction. Since no segmentation
is involved in such a method, chances of losing any data are less. Qur proposed technique

based on the global approach to CBIR accomplishes the following characteristics:
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o Three vital image features (color, shape, and texturc) are extorted for feature

vector calculation.

e FDs and EHDs are also added to the feature vector to extract information from

the edges and boundaries.

¢ Similarity between the query and database images is calculated through

Euclidean distance.
3.2.1 Proposed framework

The second technique proposed here is based on the global approach where the image is
considered as a whole when sent for the feature extraction process. The image features to
be extracted for the calculation of the feature vector are color, texture, shape, FD, and
EHD. After extraction, these feature vectors will be kept in a database in the form of
Excel sheets. The query image given to the system also goes through the feature
extraction process in the same way and comparison with all database images is made by
calculating the difference between the characteristics of two images. Retrieved images
would be sorted on the basis of the least Euclidean distance between two images. A

diagrammatic representation of the proposed technique is given in Figure 3.3.

Algorithm 3.2:

Step I: Color histogram H is constructed to extract color feature I: ffor each segment of
image I, where i=3.

Step 2: Construct a texture feature I: f by calculating Co-occurrence matrix C(, j).

Step 3: Let x|k| and y|k| be the coordinates of the &* pixel on the boundary of a given 2D
shape containing » pixels, a complex number can be formed as

z|&| = x|k|+pyl4l ,

and the Fourier Descriptor (FD) of this shape 1s defined as the DFT of Z|k]

= o
a(p) :ﬁz zlkle PN (N=0, ..,n—1)
k=0
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Step 4: Edge histogram descriptor EHD is calculated from four directional edges, namely
vertical, horizontal, 45 degree, and 135 degree, and one non-directional edge.

Step 3: Euclidean distance is used to calculate the distance between the feature vector of
the database images V'd and the feature vector of the query image Fg.

« feature
extraction

image database

color feature texture feature

shape feature

“Similarity

surement

Sorted
retrieved

Figure 3-3: Block Diagram of proposed technique
3.3 Feature Extraction
All the key features of an image are extracted in the proposed technique. These features

include color, texture, and shape features. EHD will also be calculated in addition to the

core features to extract information at the edges.
3.3.1 Color Feature

The color features used in the proposed technique are calculated from a color histogram.

A color histogram defines the dissemination of colors in an image and is invariant to
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translation, rotation, and scaling of an object. However, color histograms do not contain
any semantic information, hence two images can hold different contents having the same
histogram. The color histogram H for an image is given as:

H=1{hf1], h{2], .. . AK{i] ..., h{N]}
Where i denotes a certain color in the histogram, Afi] is the pixel count of colors #, and N
defines the number of bins in the color histogram.
The proposed method extracts color features by calculating the mean, mode, median, and
standard deviation for every color channel. Thus, twelve color features will be extracted
for the query image and every database image. Gray levels and pixel counts will be
extracted from the histogram of gray images. Each time, one color channel is taken for
calculation of the above-mentioned features. Table 3.1 shows a list of color features used
by the proposed technique along with their equations [2].
Color is considered to be the most effective image feature in almost all CBIR systemns
because of the advantages of effectiveness, robustness because of its implementation

easiness and low space requirements [31}].

Table 3-1: Color features used in the proposed technique

Image feature Equation with symbol definition
Mean ie1 Xi (3.1)
Mean = m = o

where X= gray levels, i = index

i n+1 32
Median Median = > (3.2)

where n = pixel count

Mode Mode = max(X;) (3.3)

Standard deviation (3.4)

T (X —m)?

Standard deviation = o =
n—1
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3.3.2 Texture Feature

Texture feature computation was done by constructing a co-occurrence variance matrix.
A gray level image was used as input for computation of the co-occurrence variance

matrix.

The co-occurrence matrix C(i, j) sums the number of pixels in a certain order having gray
values I and j at a specific distance d which is given in polar coordinates (d, 8). These
polar coordinates have distinct length and direction. The direction 8 takes values from
eight different angles: 09 459 909 1359 1809 225+ 270¢, and 315¢

The first and most widely used method for the extraction of texture features is
constructing a grey level co-occurrence matrix. Ten different features including mean
(M), standard deviation (S), maximum probability (MAXP), uniformity (UNI), entropy
(ENT), skewness (SK), difference moment, inverse element difference moment of order 2
(IKMOM), homogeneity (HOMO), contrast (CONT) and correlation (CORR) were
extracted by using different formulae [2]. All these texture features are presented with
their formula in Table 3.2.

Table 3-2: Texture features used in the proposed technique

Image feature Equation with symbol definition
Skewness X—my3 (3.5)
X
SK = ———( : )

where m = mean, ¢ = standard deviation

Correlati YGDCGE, ) — min 3.6
orrelation CORR =r=E,2,(IJ)G(;J) Ml (3.6)
i0j

Where, Hi = Zii Zj C(i; })

W= i ), ced

j

And o; = (i — u)? X;C3J)
o= Xi(j— w)* Z; CG.)

C(i, j) = gray level co-occurrence matrix
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Maximum probability

n(A)

MAXP = max (T) 3.7)

where A = probability

Uniformity

UNI = (1- %) x 100 (3.8)

where ¢ = standard deviation, m = mean

Entropy

ENT = — Z Z ¢, DlogCh, i) G9)
™5

Where C(1,j) = gray level co-occurrence matrix

Contrast

(3.10)

N-1M-1

1
CONT = WZ Z(Iij —1)?

i=0 j=0
where M by N = size of 2 dimensional image, 1 =
average intensity of all pixels in the image, ;7= 1-

® and j-Yelement of an image .

Homogeneity

e (3.11)

HOMO = —_—
01+ G(—j)?

ij=

where C(1,j)= gray level co-occurrence matrix

Difference Moment

_ 1 . (3.12)
IKMOM = ZZ—” L C@p -

where C(i,j)} = gray level co-occurrence matrix

3.3.3 Shape Features

In contour based shape feature abstraction procedures, a contour system was utilized.

Eight different features were extracted from the image’s contour, which are presented in

Table 3.3 with equations [2].
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Table 3-3: Shape features used in the proposed technique

Image feature

Equation with symbol definition

Circularity

Cir = fl;—f
Where A = area of polygon enclosed by
segment boundary, P = perimeter of polygon
enclosed

by segment boundary

(3.13)

Aspect Ratio

P1 + P2
C

P1,P2 = greatest perpendicular distances from

Aspect Ratio =

longest chord to boundary, in each half-space
either side of line through longest chord, C =
length of longest boundary chord

(3.14)

Complexity

Complexity = LogN ;[%
A measure of the number of segments in a
boundary group weighted such that small
changes in the number of segments have more
effect in low complexity shapes than in high

complexity shapes.

(3.15)

Discontinuity-angie
irregularity |

Dar = 216; — 6y
ar =
2xnXx{n-2)

where 8;= discontinuity angle between (i~1)-th
and i-th boundary segment

(3.16)

Solidity

Solidity = D = 2%
olidity = D = T
where As = area of the shape region,

H = convex hull area of the shape

(3.17)
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3.3.3.1 Fourier Descriptor Method

Methods used for boundary-based recovery of shape characteristics include Fourier
descriptors FD [75], Wavelet descriptors, Curvature scale space descriptors, Shape
signatures, etc. Among all these methods, the FD method is the most fundamental one.
The FD method computes shape signature functions by using shape boundary
coordinates. These shape signatures utilize Fourier transform for computation of FD [76].
Shape is analyzed in the spectral domain by FD to surmount the consequences of sound
and boundary differences on shape feature extraction. Also, the FD method for shape
feature extraction is computationally inexpensive, easy to normalize, and has been proved
to outperform many other boundary based techniques in terms of accurate and fast
recovery [77]. FD is applied on each object separately after its identification through

boundaries or edges.

Employment of the shape signature function, calculation of boundary pixels, and FD are
.the main constituents of the General FD method. Boundary pixel computation for
boundary coordinates is performed through edge detector and boundary tracing
techniques [78].

A pixel set is formed after the computation of boundary pixels and is represented by the

following formula:

P= {(x(®),y®) te [1,N]} (3.18)
Where x and y are the coordinates of a pixel t in an image and the number of pixels can

range from 1 to N.

In FD method, pixel coordinates of the shape boundary in a figure are used to measure
shape signatures. Fourier transforms are employed for these shape signatures to evaluate

Fourier transformed coefficients which are used as FDs [75].
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3.3.3.2 Edge Histogram Descriptor (EHD)

Edge is also an important image feature that can be used to extract informatton present at
the contrast. EHD signifies the spatial circulation of five types of edges. Among these,
four are called directional edges, namely vertical, horizontal, 45 degree, and 135 degree,
and one is a non-directional edge. Edge strength is detected by the application of filter

coefficients as shown in Figure 3.4. Edge blocks bigger than a given verge were selected.

Figure 3-4: Filter Coefficients

MPEG-7 standards reveal that retrieval performance of images can be improved by

calculation of EHD. This descriptor shows invariance to scale and rotation.

The edge histogram descriptor represents the spatial distribution of five types of edges,
four directional edges and one non-directional edge and might improve the retneval
results. Its effectiveness in image retrieval could be found by testing it on a dataset of
images where shape is of main concern. MPEG-7 is a database which consists of 70
classes of shapes each having 20 members. According to the MPEG-7 standard which 1s
a benchmark for shape based images, if the edge histogram descriptor is joined with a
color histogram descriptor, the recovery performance of an image is radically improved.
The descriptor is scale invariant and supportive to rotation invariant and rotation sensitive

matching operations because edges are calculated in five different directions [27].
3.4 Experimental Results

3.4.1 User Interface

Experiments were carried out on natural images to test the retrieval efficiency of the
proposed method. An easy to use graphical user interface (GUI) was designed where the

query image was browsed from the system and a threshold was chosen for the
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segmentation process. The system was then able to retrieve the top 10 similar images

from the database. Figure 3.5 shows the main GUI of the proposed system.

i_ T - T ' Main_GUI - fn-l

Write down or browse the location of the image X_ « _f 1
I

D \phd research work\Code\bp\global feature(blocked sey  Browse

o o x A

. ¢

Figure 3-5: Main GUI of the proposed technique

3.4.2 Data Set

The proposed technique was tested on a database of 1,000 natural images from the Corel
image database available free on the Internet. Corel images are stored in JPEG format
with sizes 384 x 256 or 256 x 384. The entire database has 10 different image categories,
where each category contains 100 images. All these images’ categories contain diverse
semantics including ‘beach’, ‘vehicle’, ‘dinosaur’, etc. Experiments were performed on
10 randomly chosen image queries, one from each category. The sample image from each
category selected for experimentation is given in Figure 3.6. All these classes had

different semantics and could therefore better evaluate the proposed method.
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Figure 3-6: Sample images from the 10 different image categorties of the Corel image
database used in the experiments

3.4.3 Performance Measures

The performance measures used to find the retrieval efficiency of the proposed system
were constructed on the measures used in image retrieval. These metrics comprised of

precision and recall. Precision is defined as the ratio of the number of retrieved relevant
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images to the total number of retrieved images in the database. Precision indicates

accuracy and is represented by the following equation:
Precision=R /N

Where

R = Number of retrieved relevant images

N = Total number of retrieved images

The best precision is the one where each image retrieved is relevant. However, it does not

provide any information declaring as to whether all the relevant images are retrieved.

Recall is the ratio of the number of relevant retrieved images to the total number of
relevant images in the database. Recall signifies completeness and is represented by the

following equation:

Recall=R/M

Where

R = Number of retrieved relevant images
M = Total number of relevant images

The best recall is the one where all images retrieved are relevant. However, it does not
give any information about the irrelevant images in the database that could have also

been retrieved.
3.4.4 Impactof FD and EHD on Image Retrieval

In addition to the three basic features (BF) color, texture, and shape, FDs and EHD were
also combined to extract the maximum statistics of the image. FD is invariant to rotation,
translation, and scaling. FDs relate to the low frequency components of the boundary to
represent a 2D shape. The reinstated shape based on these descriptors estimate the shape
without details corresponding to high frequency components vulnerable to noise. Figure

3.7 shows the comparison of retrieval results for two feature vectors. The retrieval results
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of the feature vector integrated with FD and EHD were better than the retrieval result of

the feature vector with BF for five distinct image categories.

Impact of FDT and EHD on image retrieval
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Figure 3-7: Comparison of retrieval results of feature vectors using FD and EHD
with basic features

Greater improvement was observed in the results for “vehicle’ and ‘dinosaur’. These
image categories had a lesser number of objects; therefore most of the edges and
boundaries were detected by FD) and EHD, which added to the information retrieved from
these image categories. While the other three categories, having more objects, resulted in
a less number of edges detected - hence showing little improvement in results as
compared to “vehicle’ and *dinosaur’. The graph shows a consistent improvement in the
retrieval precision of 5 different image categories. Improvement is observed in all types
of images which show that FD and EHD are important shape features that improve the
average precision. Maximum difference in precision is found for dinosaur having images
with a plane background and one object only. For these images calculation of five types
of edges through EHD was enough 1o extract shape features while people and beach has
many objects with different background and the calculation of five different types of
edges did not help much to extract shape feature based information thus giving little

improvement in precision results.
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3.4.5 Proposed Local Technique versus Universal Model (UM) Technique

A local level CBIR technique was suggested where images are first subdivided based on
the color content and then image features are extracted from different segments of image.
The proposed technique was matched with.one of the local level feature extraction
techniques in the literature, i.e., UM [79]. Results showed that the proposed technique
had greater precision compared to the UM technique. The overall retrieval result of 10

images returned by using six different image categories is compared in Figure 3.8.

UM is a CBIR technique that extracts image features at a local level. Color and texture
features from each segment of an image are extracted.to calculate the feature vector.
EHD is also considered to grasp information at the edges. Similarity is based on a greedy
algorithm where a threshold is set first to compare the query image’s segment with the
image segments in the database. Here, fine-tuning of the threshold is testing. The
threshold value is different for each image category and is inconsistent even for each

image within the particular image category [79, 80].
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Figure 3-8: Comparison of the overall retrieval precision of 10 images returned by
using six different image categories.
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The above figure shows that the proposed method has better results for all types of
images. The features used.by UM were color, texture, and EHD. The proposed system,
however, added shape and spatial features in the feature vector, which gave more
discrimination power to it. This larger number of features and the segmentation technique
used were crucial in improving retrieval results for the proposed technique. K-means
clustering segmentation is employed based on the color content of the image. Different
values of k were tried and after retrieving results through different clusters k = 3 was
found as a best choice which gave better precision compared to other values of k.
Increasing the number of clusters cause data loss due to which the feature vector
constructed in not beneficial and value of k less than 3 did not segment the image
property. The ‘flower’ image category showed less improvement because of the structure
of objects in these images and the reduced number of edges compared to other image
categories, where edges were identified well.by the proposed system. The addition of

shape features did not have a great impact on the feature vector of this image category.
3.4.5.1 Variants of UM

We have proposed two variants of UM, which is a local level feature extraction method

proposed in 2008.

1. UM with shape feature.
2. UM without threshold.

After matching the results of the first alternative, i.e., UM with shape, with the original
UM, we found no enhancement in the results. This means that the incorporation of the
shape feature does not work well with the UM model. However, the second variant, i.e.,
UM without threshold, showed improved results in comparison with the original UM
method. Table 3.4 demonstrates the comparison of the UM model with its two variants.
The threshold (for greedy algorithm) decreases the retrieval precision and increases the
time complexity. Also, fine-tuning of the threshold is tedious in the UM model. It gives
diverse precision results every time the same threshold is given for the same image.
Therefore, there is no uniformity in results. In this study, variants of the UM model were

applied and tested on six different image categories of the Corel image database. Table
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3.4 reviews the results for the two variants of UM in comparison with the original UM

technique for different image categories.

Table 3-4: Comparison of percentage average retrieval precision of UM with its two
different variants.

S.No Image UM (%) UM  without UM  with Shape
Category threshold (%)  Feature (%)
1 Vehicle 25.00 43.33 24.42
2 Dinosaur 87.22 100.00 87.12
3 Horse 71.25 83.00 72.41
4 Flower 72.20 77.45 75.34
5 Building 29.14 29.30 28.20
6 Mountain 37.24 41.33 38.00

Average 51.05 62.40 54.24

The above table shows that shape features did not improve the retrieval results much. For
three image categories i.e. horse, flower and mountain only a slight improvement is
observed. Other than these three categories there is no improvement in the precision
because in images in ‘vehicle’ and ‘dinosaur’, the number of objects is less and color and
texture feature were enough to extract information from these images. Flower and
mountain on the other side has many objects and shape addition of shape feature helped
to improve feature vector and extract information from the image. UM uses a threshold
value during the segmentation stage of image retrieval system. These results also show
that threshold was not found good to be incorporated in CBIR system. The value of
threshold was not fixed and each time for a different image category it took a different
threshold value. We removed the threshold and retrieved images without giving a
threshold value. Results were better compared to the one using threshold for all the 6
different image categories. The reason for this could be a non-determined or a variable

value of threshold,
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3.4.6 Comparison with recent local level CBIR techniques

The local technique proposed is compared with FRCE and PRIR. These are the CBIR
techniques based on the local approach where segmentation is performed before feature
extraction. Average precision for different categories of images is calculated. The top
number of images considered was 10, 20, 30, 40 and 50.retrieved. It is shown the

proposed method outperforms the other two methods in the literature.
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Figure 3-9: Comparison of percentage average precision of the proposed methods
with FRCE and PRIR at N images retrieved

3.4.7 Qualitative Evaluation of Proposed Global Technique

Five different pictures with varied structures, namely: ‘beach’, ‘vehicle’, ‘horse’,
‘dinosaur’, and ‘people’ were randomly selected for a qualitative evaluation. All these
selected image categories were totally different from.one another in their content. Here,
the image retrieved was taken as a correct match if it fell in a category parallel to the
query image. The results of the proposed global technique for CBIR compared to one of
the local CBIR techniques, UM [79], which is one of the top region based retrieval
methods we aware of, are shown side by side in Figure 3.9. For each member query

image, the top 10 retrieved images are given for both methods.
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Retrieval results by using our proposed technique Retrieval results by using the UM method
- - i - .
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Figure 3-9: Retrieval results of five query images by using the proposed technique
and the UM method
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Our method produced expected outcomes for ‘dinosaur’ and ‘horse’ queries while the
results of the UM method showed some extraneous images. This is because of the
elimination of segmentation from our proposed system, resulting in less information loss
and better construction of the feature vector. Our proposed method also generated much

better outcomes of ‘vehicle’, ‘beach’ and ‘people’ than the UM method.
3.4.8 Quantitative Evaluation of Proposed Global Technique

For quantitative evaluation, the proposed technique was tested on 10 different images
selected randomly from five distinct image categories. The average retrieval accuracy of
each category was calculated by finding the top 10, 20, 30, 40, and 50 retrieved images
and is given in Table 3.5. It was found that the results for *dinosaur’ were more consistent
compared to other image categories. All the image categories produced the best results
when the top 10 images were returned as an output. However, precision decreased by

increasing the number of returned images.

Table 3-5: Average precision at different number of images retrieved

Image Category | Beach Vehicle Horse Dinosaur People
Retrieval 44.05 57.00 94.45 100.00 57.21
Precision @ 10

Retrieval 37.15 51.08 85.03 9835 48.24
Precision @ 20

Retrieval 39.16 43.00 80.30 99.09 39.72
Precision (@ 30

Retrieval 36.37 39.71 78.03 98.28 35.05
Precision @ 40

Retrieval 3548 32.30 71.04 98.28 31.80
Precision @ 50
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3.4.9 Comparison of Proposed Global Technique with ACT

Our proposed global technique was also compared with a prominent global technique
from the literature called ACT. The average retrieval precision of the proposed technique
was compared with the retrieval values of ACT for six different image categories. Results
showed that the retrieval precision of the proposed technique was better than ACT for all
image categories. Comparison of the two methods is shown in Figure 3.10.

B Proposed

uACT

Percentage retrieval precision

Image Categories

Figure 3-10: Comparison of the average retrieval precision of the proposed global
technique with ACT

The proposed technique makes use of all the basic features, thereby extracting greater
information in constructing a feature vector. Considerable improvement was shown for
‘building’ image types because of the shape features and EHD in the proposed method

that detected and extracted most of the edges in these images.
3.4.10 Comparison of Proposed Global Method (GM) with UM

Comparison of the proposed global technique was also made with a prominent local
technique called UM. Results showed that the retrieval precision of the proposed global
technique was high compared to UM. UM is a local technique where segmentation is
done before feature vector calculation. Segmentation might result in data loss,
consequently affecting retrieval of required images from the database. Figure 3.11 reports
a comparison of percentage retrieval precision of the two methods for six distinct image

categories.
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Figure 3-11: Comparison of percentage retrieval precision of proposed global
technique with UM for five distinct image categories

The above figure illustrates remarkable improvement in results for images from the
‘vehicle’ group because of the incorporation of FD and shape features in the system.
This particular image category has more edges and boundaries, which were extracted
through FD. Also, for ‘building’ type images, FD and shape features finely perceived

edges, resulting in greater retrieval precision.

3.4.11 Comparison of Overall Retrieval Performance

Fair comparisons were ensured by using the same image database as a tester and similar
50 images as queries for comparison with eight different techniques. Average exact
retrieval of the selected five image groups from the top 10, 20, 30, 40, and 50 was
calculated. It is obvious from the results that our proposed method outperforms all eight

techniques in approximately all image categories.

Specifically, our proposed method showed better results compared to the UM method for
all image categories except for ‘beach’ and “dinosaur® images. NFA’s results for ‘vehicle’

and ‘horse’ were better compared to our proposed technique, but the overall retrieval
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results of our proposed technique were greater than NFA [4]. For all the other six
methods — UFM method [81], IRM method [82], HSV color histogram technique with
two different types of bins (i.e., 32 and 64 bins) [83], EHD method [83] and the color
indexing method [84] - our proposed method achieved improved results and better
precision values for all types of pictures. Figure 3.12 shows a comparison of whole
retrieval precision at 10 returned images for five different image categories using nine

different methods.

1.2

Average Precision

beach vehicle horse dinosaur people

Image Category

m Proposed @ UM B NFA B UFM B IRM 8 HSV 32 bins & HSV 64 bins 8 EHD & Color indexing

Figure 3-12: Comparison of overall retrieval precision of different image categories
by using nine different methods.

Our proposed method did achieve highest precision for two image categories (‘beach’
and ‘dinosaur’), but for all other image categories, the proposed technique had the highest
precision. Comparison with UM, NFA and UFM shows that there is not much
improvement in results but for other methods like IRM, HSV, EHD and color indexing
the difference in the retrieval precision is considerable. The reason for improved results is
because of the greater number of features forming a feature vector. In IRM, EHD ete. the
number of features used for the calculation of feature vector is less while NFA and UM

made use of all the three types of features.
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3.4.12 Proposed Global Technique versus Proposed Local Technique

As noted above, the proposed global level method for CBIR achieved better results
compared to eight different techniques. We also compared it with our proposed local
technique to determine the optimum approach to CBIR. All the 10 different image
categories of the Corel image database were used for the comparison. Images were
selected randomly from these 10 diverse image groups, each with a different structure
and semantics. Table 3.6 shows the comparison of results between the two different

proposed techniques for 10 retrieved images from the database.

Table 3-6: Percentage average precision after 10 images are returned for 10
different image categories, considering the proposed local and global approach to
CBIR

S.No Image Category Global Approach to { Local Approach to
CBIR (%) CBIR (%)

1 Vehicle 57.09 38.12

2 Dinosaur 100.00 100.00

3 Horse 94.43 81.25

4 Flower 76.12 72.43

5 Beach 4423 52.24

6 Building 4321 37.23

7 Mountain 43.00 42.03

8 People 57.04 42.40

9 Elephant 65.20 48.11

10 Food 51.10 36.05

Results indicated that our proposed global approach to CBIR outperformed our proposed
local approach in retrieving the best similar image from the database. The number of
features adopted by the two systems was the same but the elimination of segmentation
produced improvement in results. Retrieval results were the same for ‘dinosaur’ as there
was only one object in these images and segmentation did not lose much of the

information in this case. Using the local method, however, for other image classes like
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“food’, ‘vehicle’ and ‘elephant’ that had a greater number of objects might have resulted

in increased loss of information, hence generating reduced retrieval precision.

3.5 Summary

Image retrieval can be performed both at the local and the global level. These two
approaches differ in their feature extraction process. The global technique takes into
account the whole image in extracting its different features, while the local technique
extracts features from the image’s segments. Local methods therefore perform image
segmentation prior to the feature extraction process. This study proposes two different
techniques for local and global CBIR. The proposed techniques were developed for
natural images and the Corel image database was used as a data set for the evaluation of

these systems.

The proposed local technique starts with a segmentation process based on the color
content of the image and the K-means clustering technique was used for the division of
the image into meaningful parts. Clusters were restricted to three to avoid over
segmentation and loss of data. All the three vital image features (color, texture, and shape
features) were then extracted from image segments. Along with these image features, the
proposed technique utilized information at the edges by calculating FD and EHD. The
feature vector was calculated from all the extracted features and the distance between two
feature vectors was calculated through Euclidean distance. The proposed technique
showed better results in comparison to UM, which is one of the promising local level
techniques for CBIR. Additionally, two variants of UM were also proposed to explore the
impact and importance of different image features. One of the modifications made was to
add shape features to UM as it currently considers only color and texture features. The
addition of the shape feature, however, did not generate any improvement in the results.
Retrieval results were better for the second version of UM, where threshold was removed

from the system.

The global method on the other hand extracts image features by taking the whole image
into account. In the proposed global technique, extraction of image features was done at a
global level and the feature vector was calculated for all the main image features such as
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color, texture, shape, FD, and EHD. The distance between two feature vectors or two
different images was measured through Euclidean distance. Precision and recall were

used as performance measures to evaluate the retrieval efficiency of the proposed system.

The proposed system was compared with eight different techniques from the literature.
Some of these technigues were based on the local approach, some on global, and some,
however, were hybrids utilizing both approaches to CBIR. Five different image
categories were selected and all the techniques were tested on the same query image.
Results showed that the proposed system was better in retrieving the desired image from
the database compared to all other eight methods. In addition, comparison of the
proposed global method with the proposed local method described was also carried out to
determine the optimum system for CBIR. All 10.different image groups of the Corel
image database were utilized and the same image was given as a query to both the
systems to ensure fair comparison. Results showed the proposed global method for CBIR

outperformed the proposed local method for all the image categories except for one.

Further improvements to our system could be added by incorporating other important
features, such as local binary patterns that are significant texture features and that can
extract useful information about the structural arrangement of pixels. The implication of
computational intelligence techniques such as genetic programming and genetic

algorithms can also improve the retrieval efficiency of the system.
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Chapter 4

4  Content-based Image Retrieval using Uniform Local

Binary Patterns

Image features play an important role in the retrieval of required images from huge
databases. Local binary patterns are an essential texture feature that has been utilized and
adopted by many CBIR systems with different variations. It has greatly improved the
retrieval efficiency of these systems. Accordingly, we further improved the CBIR system
proposed in Chapter 3 by incorporating this vital texture feature into it. This chapter
introduces and explains the calculation of uniform local binary patterns. Its impact on our
CBIR system is investigated through experimentation and comparison with other known

CBIR systems.
4.1 Introduction

Local binary patterns are the finest method for the extraction of structural properties of
texture. Its effectiveness originates in being able to find various micro patterns such as
points, edges, and constant areas. Local binary patterns have shown remarkable
performance in several applications where texture is an important feature [85, 86, 87]. At
present, there are some CBIR systems where different versions of LBP features are
included. LBP was first introduced in [88] as a corresponding measure for the local
image. It worked with eight neighboring pixels with the center pixel as a threshold.
Threshold values are multiplied by weights set by powers of 2 to produce the LBP code.
The result is then added to get a final value as shown in Figure 4.1.

A CBIR technique proposed in [89] has utilized local binary patterns in the calculation of
the feature vector. Two different approaches were proposed here based on the division of
the image and calculation of the LBP histogram. In the first approach, the image 1s
divided into blocks, and then the LBP histogram is calculated from each block. In the
second approach, a single histogram of the query image is calculated. A different

technique proposed in [90] introduced local derivative patterns (LDP) for the indexing
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and image retrieval of CBIR systems. Local tetra patterns LTrPs were also introduced in
[91] for feature vector calculation, which developed a scheme to calculate n'® order LTrP
with (n-1)™ order vertical and horizontal derivatives. Compared to LBP, which can
encode images with two different values, LTrPs can encode images with four different

values, extracting comprehensive information.

4.2 Proposed technique

Image retrieval in our proposed technique commences with a feature extraction process
of the whole image. The color feature is extracted through the calculation of a color
histogram. Values for the mean, median, mode, and standard deviation were then
calculated from the histogram. Different shape features, FDs, and EHDs were also added
to the feature vector that helped in object recognition, boundary detection, etc. The
imperative texture feature, i.e., uniform local binary patterns, was also calculated. The
operator LB.P assigns a unique label to each pixel and is invariant to translation and
rotation. It functions well with another operator Var to add contrast invariance to the
system. These operators are discussed in detail in Section 4.2.1. The retnieved results
were greatly improved by the addition of the LBP operator. Feature vectors with 288
different features were constructed and stored in an Excel sheet for all the database
images. The distance between the feature vectors of the query and database images was
calculated through Euclidean distance. A flow chart of the proposed system is shown in

Figure 4.1.
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Figure 4-1: Flow chart of the proposed system
Algorithm 4.1:

Step I: Color histogram H is created to extract color feature I: f for each segment of

image i, where 1=3.

Step 2. Construct a statistical texture feature I: by calculating Co-occurrence matrix
Ca, j).

Step 3: Structural information related to image texture is added through uniform local
binary patterns. The operator LBP /Var is used for the calculation of local binary
patterns, which is represented by the formulas explained in Section 4.2.1.

Step 4: Let x|k| and y|k| be the coordinates of the ™ pixel on the boundary of a given 2D

shape containing »n pixels, a complex number can be formed as:

z|k) = x|kl +pylk| ,
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and the FD of this shape is defined as the DFT of Z|k}:

N-1
1 _2m MK
a(u) = N z|k|e PN (N=0, ..,n—=1)

k=0

Step 5: The edge histogram descriptor EHD is computed from the four directional edges,

that is, horizontal, vertical, 135 degree, 45 degree, and one non-directional edge.

Step 6: Distance between the feature vector of database images /'d and the feature vector

of the query image Vy is measured by Euclidean distance.
4.2.1 Uniform local binary patterns

Uniform local binary patterns are detected at the circular zones of every quantization of
angular space. The LBP operator used is valid on a broad range of I members that are
circularly symmetric neighbors on a circle having radius R. The performance of each
operator is evaluated with specific values of (LR) and responses of various operators are
then combined to analyze multi-resolution. A histogram of these uniform patterns is then
constructed over the whole image or a region of an image. Hence, the structural and
statistical approaches of texture feature are combined effectively where structural
information is extracted through local binary patterns and statistical information is
calculated through an occurrence histogram. Spatial structure and contrast are two
important properties of image structure. Spatial structure is measured well by the uniform
LBP operator but this operator is deficient in calculating contrast. Therefore, it is
combined with another operator, i.e., Par. Combining these two operators can work well
for rotation invariant texture classification. LBP/Var then becomes a grayscale, rotation,
and contrast invariant operator for texture feature extraction.
Texture T is defined as a mutual distribution of gray levels of I image pixels, (I >1), and
is given by the equation [92}:

T =1{sc, 80, .... Si.1) (4.1)
Where sc denotes the gray value of the center pixel and s(i =0......I-1) denotes gray

values of pixels on the circle of radius R. If coordinates of s are (0,0), then coordinates of
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si are-Rsin(27i/I) and Recos(2mi/T). The circular arrangement of neighbor pixels for
different values of (I, R) is shown in Figure 4.5.
Subtract the value of center pixel S¢ from the value of all the pixels forming a symmetric
circular neighborhood [92]:

T = t(sc, So- Sc, S1 - Sc.-.. S-1 - Sc) (4.2)
It is assumed that si— s are independent of s; and t(sc) does not give any useful

information about the texture feature of the image [92].

T = t(sc, d(s0- Sc), d(s1 - Sc)s. ... d(S1.1- Sc)) (4.3)
Where
_ (1 x=0 4.4)
d(x) = {0, x <0
S; |S: |S: [S |S:
S, S 18 |8 Ss Se
s: S\‘. Sa S-: S: SC 5- 'S: S:.l
S Ss E S S- Ss Sy
i Se | Sie | St | Siz | Sy
i
l=4,R=1 I=8,R=1 1=16, R=2

Figure 4-2: Circular arrangement of neighbor pixels for different values of (I, R)

By allocating a binomial factor 2' for every sign d(s; — s.), Equation 4.3 is transformed
into a unique LBP ;  number that illustrates the spatial arrangement of image texture

[92].

-1
LBP IR = Z d(S, - SC)ZI (45)
=0

It is observed that some local binary patterns are essential properties of an image’s
texture that contribute to the huge majority of 3x3 patterns in the image. These essential
patterns are called “uniform™ and they have a small number of spatial transitions
illustrated in Figure 4.3. Patterns that have a maximum two O to 1 or 1 to O transitions are

uniform. Hence the gray scale and rotation invaniant operator is given as [92]:
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-1 (4.6)
p— Y dGsi— s ifU(LBPLR) <2
' i=0
I+1 otherwise
Where
1 4.7)

LBPy g = d(s1y = 59— Ao — sl + ) 1d(si— 5) = dGstes = 52|

i=1

The LBP | p operator is invariant to any gray scale transformation and rotation; its output
remains constant for the same gray values. Contrast invariance is brought by Varg and is
given by the following equation [92]:

(4.8)

I-1
1 2
Varjg = TZ(SE - 1)
e
Where

! (4.9)

u:

—] =

-1
S

i=0

By definition Varg is invariant in confrast to alterations in gray scale. So the two

operators, being complementary to cach other, are a powerful measure of image texture

when combined.
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Figure 4-3: Uniform rotation invariant patterns for circularly symmetric
un2

neighboring pixels of LBP37" for 8-bit output.

The LBP | p operator produces 2/ dissimilar output values, matching with 2I different
binary patterns that can be formed by I pixels in the neighboring set of pixels. The gray
value of sc will move correspondingly along the perimeter of circle around s with the
rotation of the image. Figure 4.3 shows the uniform rotation invariant patterns for
circularly symmetric neighboring pixels of LBP¥R? for an 8-bit output. For 1 = 8, LBPYR?
can have 36 distinct values. For instance, the first pattern in Figure 4.3 detects a bright
spot, the fourth pattern detects edges, and the last pattern detects dark spots and flat areas

[92].
4.3 Experimental Results

The proposed system was evaluated by comparing its retrieval meticulousness with other
CBIR systems using local binary patterns. Local binary patterns were further worked on
in [93] to improve results and local ternary patterns (ICLTP) were introduced. Results
found the proposed method as producing optimal results compared to ICLTP.
Experiments were performed on 3x3 and 5x5 windows of an 8 and 16 pixels neighbor set
respectively. Figure 4.4 additionally illustrates that our proposed method outperformed
another CBIR system that introduced local derivative patterns (LDP) [90].
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Figure 4-4: Comparison of retrieval precision of proposed technique with six
different methods for five distinct image categories

The above figure shows that the proposed method had better retrieval precision for
images classes like ‘mountain’, ‘horse’ and “elephant’, due to the enhanced feature vector
of the proposed method, which had color and shape features, unliké the other CBIR
techniques that utilized the texture feature only. The results for ‘dinosaur’ from all the
methods were retrieved with not much difference due to the lesser number of objects in

this image group, leading to less information.

The technique proposed in this study was appraised by finding the retrieval precision for
10 image categories selected randomly. The proposed method was also compared with
the proposed global method presented in Chapter 3. Comparison of the proposed method
with the proposed global method in terms of average retrieval precision at different

numbers of images retrieved is shown through graphs in Figure 4.5.
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Figure 4-5: Comparison of proposed method with proposed global method in terms
of average retrieval precision at different number of images retrieved.

The impact of LBP on retrieval precision is palpable from the graphs shown above.
Precision for ‘building’, ‘vehicle’ and ‘mountain’ greatly improved through the addition
of uniform LBP. The texture in these image groups was finely minced through LBP

operators, hence providing more information to the feature vector.
44 Summary

A global level CBIR technique was proposed utilizing all the three basic image features:
color, texture, and shape, along with FDs and EHDs. An essential texture feature was
added to extract and add information related to the structural arrangement of pixels. The
texture property of an image is of two main types, structural and statistical. Structural
information is provided by local binary patterns and statistical information is provided by
the co-occurrence matrix. A generalized rotation and gray scale invariant operator
LBP}'2? has been developed that detects uniform local binary patterns in the circular
neighborhood of quantization of angular space. The feature vector created now is better
as all the important features have been added into it. The LBPF*operator is used to
calculate uniform local binary patterns that are invariant to gray scale transformation and
rotation. It can also be combined with rotation invariant Var, pthat illustrates the contrast
of image texture. These two operators were used in combination mn the experiments,

producing optimal results for image retrieval.
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Experiments were performed on a Corel image database with 10 distinct image categories
each containing 100 images. Retrieval results of the proposed technique were contrasted
with other CBIR techniques. The average precision of the proposed method was higher

than the other methods utilizing local binary patterns for image retrieval.
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Chapter 5

5 A Hybrid Approach to CBIR

Feature fusion and effective relevance feedback methods can contribute wide-ranging
benefits to content-based image retrieval. Feature fusion combines different image
features in such a way to get a single feature vector for all of them; however, combining
different image features is not always beneficial. The similarity measure plays a vital role
in the comparison of image features. Various CBIR systems exploit a single similarity
measure for all the features used in the relevance procedure. Nevertheless, the similarity
function changes image measure and repetition in a significant way by comparing
different image features. Hence, multifarious features (MF) features are proposed in this
study with a diverse similarity measure for each group of descriptors. MF features are
constructed by the combination different image features with different similarity
measures. Genetic programming is also incorporated for the selection of the final distance
from MF features. This chapter describes the construction of MF features and the use of
the computational intelligence technique. The method proposed here also adds relevance

feedback to the system, resulting in improved precision.
5.1. Introduction

Our findings showed that MF features used in the proposed technique improved retrieval
results significantly. Adeptness of CBIR can also be improved by inferring active
relevance feedback procedures, where response from the user is provided to the system
for retrieval of the enquiry image. An extensive system was proposed based on one of the
computational intelligence techniques for the effective retrieval of required images from
systems. The proposed technique consists of two main modules, namely: feature vector
processing and result enhancement, as shown in Figure 5.1. The major tasks performed in
these methods are as follows.

e Abstraction of image structure through extractor solicitation and permutation of

feature space by formation of multifarious features.
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e Combination of dissimilarity measures acquired as a result of multifarious features
comparison by application of genetic operators to find the final distance between
probe and stored images.

e Subsequently estimated retrieved images are presented to the user, first k- images will
be selected by the user as K-NN query images and are ranked according to their
relevance values provided by the user.

e Optimization of retrieved images by iteratively providing user’s feedback to the
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Figure 0-1: Diagrammatic representation of proposed hybrid method
Algorithm 5.1:

Step I: An image I is considered as a pair (fi, 0,

Where: fiis a predetermined set of pixels,

I fi - f is the function that assigns a vector I(P) to each pixel in fi .

Step 2: A simple MF feature is given by a pair (Vf, é}) where:
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Where V; is a function to extract feature vector from image and
& is the similarity measure.

= H with Quadratic distance QD(x, )

= (i, j) with Manhattan dist (x, y)

=  DFT with Euclidean dist (x,y)

Step 3: Genetic programming GP is implemented on the distances from the comparison
of MF features.

Step 4: Let d= {di} be a series of similarities in any of the three feature spaces. Gaussian
normalization gives the mapping d; — (d; — W)/o where p and o are mean and standard
deviation.

Step 5: Images retrieved from the system are then presented to the user and user evaluates
the first K images by ranking according to their relevance with the query image.

Three different values are used to acquire the user’s response.
Relevant: (q,) = 1,

Irrelevant : y(q,) = 0 and not required: y(gq;) = -1

5.2. Feature Fusion

Advancement of features used in image retrieval has resulted in studies on combining
different features in CBIR. Features can be fused together by linearly combining different
similarities. This method has good results with less training computation. Several features
are used in image retrieval, such as color histograms, co-occurrence matrix measures,
Tamura features, and Gabor features. Experimental comparison has shown that
appearance based image features, a co-occurrence matrix, and SIFT have given better
results. These three methods are combined for better results. Gaussian normalization 1s

used for each similarity of three similarities using the above three features [94].

Gaussian normalization is used for each similarity. Let d= {di} be a sequence of
similarities in any of the three feature spaces. Gaussian normalization results in the

mapping d; — (d; — 1) /o where p and ¢ are mean and standard deviation [94].
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The retrieval process can be made efficient by fusing different image features. Color and
texture features are fused to design a CBIR system by constructing weights of the feature
vector. The process can be performed in three steps. First is the creation of color
histograms of an image. As extraction of colors is not enough for image retrieval, the
texture feature is also calculated. The image is then converted into grey scale and the co-
occurrence matrix is calculated for it. These two features are then fused together by
determining their weights for better image retrieval [95]. Image retrieval from large
databases can be made easy by clustering similar images and comparison of the query
image with a cluster rather than searching the whole database. A technique has been
proposed in which clustering is performed through artificial neural networks. Similar
images are clustered based on image features. Color and texture features are used for

clustering [96].
5.3. Multifarious (MF) Features

Most CBIR systems are designed to retrieve images by combining image features
regardless of the similarity functions, but these methods are meaningless. Similanty
functions have an important part in making descriptors as invariant as possible to change
in image scale and rotation. For example, Bean angle statistics (BAS) and multi scale
(MS) fractal dimensions are shape descriptors that cannot be combined irrespective of
their similarity function. Different feature extraction algorithms are defined that encode
segment saliencies (SS) and BAS with optimum correspondent subsequence (OCS) and
Euclidean metric as similarity functions [19]. Both BAS and SS give better results when
used with OCS as a similarity function and MS fractal dimension is better when

combined with Euclidean distance.

The influence of each image feature is enhanced by combining the image feature with its
respective similarity function. This grouping of image feature with its corresponding
similarity measure creates multifarious (MF) features. Our proposed technique makes
use of MF features for higher performance in comparison with the existing CBIR
techniques. For the calculation of MF feature vector, color, shape, and texture features
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are compared and evaluated separately with an appropriate distance measure. Their
results are fused in the end for retrieval of the required image from the database. Below is

a description of the MF features utilized in the proposed system.
5.3.1. Color Histogram with Quadratic Form Distance

Color is the most vital and extensively used characteristic of an image. We have
employed this feature in our proposed system as it extracts some basic information about
the color distribution of an image and different objects present in that image at different
localities. Visually, color is the most basic feature through which images can be
distinguished from each other. Color features can be shown through mean color,
prominent color, and color histograms. The color histogram is a multi-aspect feature
vector and is computationally demanding, as it is well appropriate for global color

regions.

Quadratic form distance produces more desirable results’ compared to other distance
measuring techniques [41]. Histogram comparison for retrieval of images based on color
content has been tried with a number of distance measures; here quadratic form distance
generated better results compared to other distance measures such as Euclidean distance,
histogram intersection, and Minkowski distance. Many CBIR systems use quadratic form
distance for retrieval of images based on color histograms. Cross similarity between
colors is considered while finding dissimilarity between the color histograms of different

images; therefore two images with the same histogram may differ in contents [97]:

d?(Q1) = (Hg - H)' A(Ho— Hy) (5.1)
where d represents the distance between two color images, i.e., the query image Q and a
database image 1. A is the similarity matrix and t is the transpose. Hq and Hi are the

histograms for the query image and database image respectively.
5.3.2. Co-occurrence Matrix with Manhattan Distance

One of the major contents of images used for categorization in CBIR is texture. This ts
usually represented by the geometric distribution of image intensity. This calculates the
gray level distribution of pixels in an image by the application of different statistical
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methods. Our proposed technique considers a set of important texture features because
they represent structural and statistical important characteristics that do not exist in other
types of features, namely color and shape [98].

Texture features were compared with different distance measures such as Euclidean,
Manhattan and Chebyshev in [99]. Among all the distance measures tried with texture
features, Manhattan distance (MD) appeared to have the best similarity measure [99] and
is represented by the following formula:

n (5.2)
~ Manhattan dist = ZlXi - Y

=1

Where X and Y represent the query and database image.
5.3.3. Fourier Descriptors with Euclidean Distance

Images recovered on the basis of shape are the yardstick to measure likeness between
shapes of the query image and feature based database images. Shape is not only a vital
visual feature but is also among the primal characteristics for image content description.
Depiction of shape is difficult to calculate because to figure out likeness amid shapes is
complex. Two main techniques used for shape feature extraction are contour-based and
region-based [100]. The former is used to extract information from the boundary of an
image and the latter is used to extract information from the interior. The former uses

merely the given in the outline of an object, but the latter uses the whole area.

FDs are finest measured through Euclidean distance (ED) [19]. Euclidean distance is

given by the formula:

Euclidean distance = d = =y (5.3)

Where d calculates distance, x is the query image, and y is the database image for all the

shape features (i = 1,2,3..n).
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5.4. Image Retrieval Based On Genetic Programming

The GP technique is used to combine the similarity values obtained from each MF feature
and fuse them into an effective distance measure. Obtaining a distance measure from
different MF features by GP is an iterative process. At first, GP works on a huge
population of indiscriminate combination functions that are then estimated on the basis of
relevance information and training from images. Genetic transformation systems such as
reproduction, mutation, and crossover are used for the modification of population
individuals. The best individuals are selected and copied to the next generation by the
reproduction operator. Variation is brought by mutation and crossover operators.

Mutation operates on one individual while crossover operates on two individuals [19].

The process of creation of MF features and calculating the final distance through GP is
shown in Figure 2. In Figure 5.2, image features are represented by If; where i =1,2,3..n
for n different image features, similarity measures are given by om; where1=123;...m
form different distance measures. They are paired together to form MF features. Distance
from MF features is represented by &1, &, ¢3..... Ca. GP combines these distances to
calculate F¢, where F¢ is a mathematical expression characterized as an expression tree.
Non-leaf nodes of this tree are numerical operators and leaf nodes are distance values, i,
i=1,2,......d. In a GP based retrieval framework the population starts with random
creation of individuals and genetic operations are applied for the evolution of this
population. A fitness value is assigned to each individual in a population by using certain
fitness functions. Fitness functions used in experiments in the proposed method are FFP1,
FFP2 and FFP3 [85].
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Figure 0-2: Calculation of final distance measure of MF features

5.4.1. Functions and Operators of GP Method

GP uses more complex data structures compared to genetic algorithm techniques. The GP

tree structure is used by this study’s proposed method for the evolution of population by

application of different genetic transformations. Some basic terms and symbols used in

the system are given below:
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An image [ is considered as a pair (f}, Iy, where:

e fiis a predetermined set of pixels,

e 1. fi_ f is the function that assigns a vector I(P) to each pixel in fj .

A simple MF feature is given by a pair of feature vectors of an image and its similarity

function that calculates similarity between two images. It is given as (Vf, (5,«) where:

e Where V; is a function to extract a feature vector from an image and

* Jy is the similarity measure.

Multifarious features will result in the creation of a composite feature and is given by

(b, 8p) where:

e D is a set of simple descriptors and

e {pis the similarity function .

Initial population: Generation of an initial population is carried out by a random process
which produces a set of trees randomly generated with a constraint to be four levels deep
at maximum. Terminals of the GP trees are the similarity functions corresponding to their
respective descriptors. These terminals are joined by a set of functions extensively used
in GP experiments. Functions used by the proposed method to join terminals and sub
trees are +, %, /, sqrt. The function set is based on an existing GP technique that has
shown good results for image features and similarity measures as leaf nodes of GP tree.
Effectiveness of the combination function characterized by an individual tree is measured

through the fitness function.

Fitness Function: A good fitness function is required to avoid local optimum and to
efficiently explore the search space. Below are the formulas of fitness functions used with

a brief description.

vl
funcFFP1 = Zx (D) x sfy X In72(i + 5£,) (5.5)

i=1
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Where i is the position of the image after it has been retrieved by the system. I is the
image at position i. “x(Ii)” is the degree of relevance of an image. The total number of
images retrieved is given by [N|. sfl and sf2 are the scaling factors and are given the

values as follows for our experiments, sf1 =6, sf2 = 1.2 [101].

|N|
funcFFP2 = Zx([i) X sfs X 10g,0(1000/1) (5.6)

i=1

where (Ii ) and [N| arc the same as in Equation (2). sf3is a scaling factor and is set to sf3

=2 in our experiment [21].

IN|
funCFFPB = Z X (11) X Sﬁ;l X e—sf5><l‘n.(i)+sf6 (57)

i=1

—sf7

where (11 ) and |N| are the same as in Equation (2). sf,, sfsand sfgare scaling factors,

their values are set as 3.65, 0.1, 4, and 27.32, respectively [102].

Genetic transformations, for instance reproduction, mutation, and crossover are applied
on the individuals of the population for modification. The best individuals are selected
and copied to the next generation by reproduction operation. Variation, on the other hand,
is brought by mutation and crossover. In crossover, trees arc randomly selected from the
current population and a pair of trees with the highest fitness is brought together for the
exchange of sub-trees. Mutation in individuals is carried out by selecting a point where
the sub-tree is removed and replaced by another randomly generated sub-tree. GP

operattons are carried out till 25 generations.
5.5. Relevance Feedback

The semantic gap is reduced by the implementation of relevance feedback (RF) provided
by the user. RF methods are very useful for CBIR systems as they let the system learn the
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best features that should be considered for effective retrieval. During the RF process, the
user evaluates the retrieved images by assigning them values based on their relevance
with the query image. After getting feedback from the user, the whole process of image
retrieval is repeated taking into account the feedback given by the user. One drawback of
RF is that it is considered a search problem because of the parameters, weights, and data
combination models, such as functions combining multiple features. A technique based
on relevance feedback was proposed in [103] where weight correction of features was
done by a set of rules using mean and standard deviation of the feature vector of relevant
and irrelevant images. Then, for each feature, weight was adjusted according to the

ranking provided by the user for each image.

To cope with search problems, the genetic algorithm (GA) technique has been employed
in previous studies. In the proposed method, a GA based RF method is used to enhance
the image retrieval task. Weighting functions are used to adjust the dissimilarity function.

These weighting functions adjust the effect of each feature in a known feature space.

Images retrieved from the system are then presented to the user and user evaluates the
first K images by ranking them according to their relevance with the query image. Three

different values are used to acquire the user’s response:
Relevant: (q;) = 1,

Irrelevant: y(q,) = 0 and

Not required: y(q;) = -1

This is an iterative process which gives a set of relevant images p,. The distance function
is adjusted by a series of f weighting functions to reflect the feedback provided by the
user. These values are utilized in the fitness function of GA [15].

5.5.1. GA Framework for Optimized Results

An integer value is assigned to code a chromosome having » different points where each
point matches an individual of a function in the feature space. These chromosomes

provide a new transformed feature space.
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A fitness function employed from the measure of ranking quality P that has been
calculated in after KNN query images kNNi are retrieved is given as follows:

n

p—1 k-1
func4[<p(?i,pq)]=zy(g") (( 5 )) (5.8)

k=1

Where p, is the set of objects that are relevant to the set of feature vectors taken out from

the query image. If g is a subset of pg, then

yigy) =1
QOtherwise
y{gx) =0

A larger value of P will not be considered strongly as it gives the relative status of the
position of the images in rankings. Smaller values for P show the importance of relevant
images.

Variation is brought by crossover and mutation. A mask is generated randomly to
indicate the use of chromosomes that will provide the genes for the first generation. A
compliment of the mask is then used to produce the second generation. Offspring
chromosomes are subject to mutation where probable genes are selected and their values

are replaced by a randomly generated valid value [104].
5.5.2. Fitness Function

GP has been tried for extraction of MF features. Table 5.1 shows the average retrieval
precision of each feature with a distinct fitness function. Results revealed that func3 gives

better results with GP for all the three features in comparison with other fitness functions.
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Table 0-1: Comparison of average retrieval precision of each MF feature using three
different fitness functions

Multifarious features | GP with fincFFP1 | GP with funcFFP2 | GP with funcFFP3
Color with QD 80.4 81.0 85.3
Co-occurrence 70.5 78.4 82.6

matrix MD

Fourter  descriptor | 81.2 82.5 83.0

with ED

5.6. Experimental Results

Experimental setup:

The experimental setup use for GP technique is given below.

| Population size . 20

| Generations : 50

Crossover 0.8

% Mutation l 0.01 ;
i

2 Function set | 4%/

| Terminal ' Image features and similarity measures

% Depth of tree l 10 B

; Stopping criteria ; Precision = 72%

Two different methods were used to perform experiments: the direct weight generator

(WG) and the weighting method (WM). The fitness function defined for GA was

employed by these functions. Parameter P was tested with 10 and 20.

Regarding KNN, 30 nearest neighbor images to the query were selected and 10 cycles

were given to the relevance feedback process. Results were analyzed by finding the
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precision and recall for the two different methods selected for experimentation. Figure
5.3 shows the number of relevant images retrieved using WG and the proposed WM. It
shows that WM outperforms WG for both values of P of the fitness function. A
maximum number of relevant images was retrieved for P = 20 in our experiments. Figure
5.4 shows the graph for a number of relevant images retrieved for five different
categories of images. These different categories were selected from the database because
of their diverse nature. The content for each category of images differed from one
another. These various image types were selected for the better analysis of results given

by the proposed system.

i 60:

—t—WM(P = 10)
-8~ WG(P = 10)
o WM{P=20) |

Average precision

i WG{P = 20)

Dinosaur Vehicle Harse People Beach

image category

Figure 0-3: Number of relevant images retrieved for each image category using WM
and WG

The retrieval results showed that the proposed method with p = 20 for both WM and WG
was superior compared to p = 10 as the fitness function had great impact on the selection
of fused features for the creation of the feature vector. The precision for ‘dinosaur’ and
‘vehicle’ was higher because of the lesser number of objects in these image groups.
However, precision for ‘beach’ and ‘people’ was a bit low as images were congested with

more objects demanding for more information retrieval.
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Figure 0-4: Graphics for the number of relevant images retrieved in 10 cycles for
five different categories of images

Adding relevance feedback to the system raised the retrieval precision by incorporating
user’s feedback into the system. The above graph shows the increase in the retrieval of

number of relevant images with the increase in the number of cycles.
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5.7. Comparison of Overall Retrieval Performance

Fair comparisons were ensured by using the same image database as a tester and 50 alike
images as queries. Average retrieval of the selected three image groups from the top 10,
20, 30, 40, and 50 was calculated. Table 5.2 compares different image categories and
techniques in terms of average retrieval precision. It is obvious from the results that the
proposed method outperformed all eight techniques in approximately all image

categories.

NFA’s results for ‘vehicle’ were better compared to our proposed technique but the
overall retrieval accuracy of our proposed technique was greater than NFA [4]. When
compared to all other four methods — the UFM method [81], IRM method [82], EHD
method [83], and the color indexing method {84] - our proposed method had improved

results and better image retrieval accuracy for all types of pictures.

Table 0-2: Comparison of average retrieval precision of the proposed method with
five different methods for four distinct image categories

Image Proposed NFA UFM IRM EHD Color
Category Indexing
Beach 0.3670 0.2800 0.2533 0.2800  0.1067 0.2233
Vehicle 0.4267 0.5600 03167 0.1367 04700  0.1633
People 0.3940 0.2433 0.2233 0.1433 0.1400  0.1467
Average 0.39 0.36 0.26 0.1833 0.2366 0.1733
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5.8. Summary

The global level technique discussed in Chapter 3 was further improved by the
integration of computational intelligence techniques and implementation of relevance
feedback. Firstly, image feature extraction and feature vector calculation were performed
utilizing all the major image features. The same database of natural images, that is, the

Corel image database, was used for experimentation purposes.

In this study, we applied the idea of feature fusion by introducing multifarious features.
The main idea of these features lies in the combination of image features and the
similarity distance. Three different combinations of image features and similarity
measures are used by the proposed system. Here, a different similarity measure is used
for each image feature. The same distance measure used for all image features might not
produce good results; therefore each distance measure was combined with a feature that
works well with that distance measure more than any other measure. Distances from the
multifarious features were combined through different operators by the implementation
of the genetic programming technique and the final distance was then retrieved after
genetic operations. The final distance compared the two feature vectors and found the

most similar image from the database.

The semantic gap was reduced by the assimilation of relevance feedback. Retrieved
images were subject to relevance feedback and images werc ranked based on the user’s
input to the system. Feature space thus obtained by the k-nearest neighbor query images
was transformed through a genetic algorithm to get optimized retrieved images from the
system. Different image features in combination with different similarity measures can be
analyzed and the transformation functions used can be further investigated in future

research studies.
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Chapter 6

6. Conclusions and Future Work

Content-based image retrieval is an important research area that is yet to be worked upon.
It has been applied in only a few systems and there is a great need still to realize the
potential benefits of this technology. The most commonly used search engines such as
Google, Yahoo, and MSN have already incorporated image retrieval into their systems.
However, the technique used for image retrieval in such systems is text-based where a
user is required to enter keywords to search for images. These systems do not take the
visual content of the image into account for searching and comparison. Content-based
image retrieval is a highly challenging field in research with strong research efforts

presently being concentrated on several characteristics of image retrieval technology.

There are many issues related to the CBIR system regarding the efficient and accurate
retrieval of images. The literature study described in the beginhing of this thesis
illustrated that image features is one of the major issues. Features play an important role
in describing the content of the image and therefore selection and extraction of these
features greatly affect retrieval results. Most CBIR systems are based on features that are
already used in other systems. Research should be conducted to find and extract some
more informative features that can improve the efficiency of these systems. Another
important issue is the semantic gap. Image features are low level and users’ expectations
are high. The quest to bridge this gap between the conceptual interpretation of images by
users and low level visual features of images is the most active research area in CBIR
systems. A user may be interested in a certain part of the image. This part may have some
semantic properties such as objects or scenes. However, such properties are not well
represented by the visual features of the image. Translation of these low level features to
the high expectations of users requires more information, which can be provided by the

users’ interaction with the system.
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Three different frameworks of CBIR are proposed in this thesis. These techmques are
based on the use of multiple image features in combination with different similarity

measures while integrating the implication of relevance feedback.
6.1. Conclusions

The first method proposed in this study was based on the local approach to CBIR. In this
method, image features were extracted at the local level. The image was first divided into
different parts by using the K-means clustering technique based on the color content of
the image. We made use of all important image features, such as color, texture, and
shape. In addition, EHD was also calculated to extract maximum information from the
image. The similarity measure used was Euclidean distance which was a single measure
used for all the features. The proposed system was compared with UM, which is one of
the local level CBIR systems proposed in 2008. Results showed the proposed system to
be better in retrieving the desired image from the database compared to UM. Experiments
were performed on natural images from a Corel image database of 1000 images. Images
from 10 different categories were selected for the evaluation of the system. The

performance measures used were precision and recall.

The second method proposed in this work was based on the global approach to CBIR. In
this method, image features were extracted from the image as a whole. All the image
features described for the local approach in Chapter 3 were utilized for the global
approach as well. Euclidean distance was used to measure the distance between two
feature vectors. Experiments were performed on the same database of images and
retrieval effectiveness was found by taking precision at 10, 20, 30, 40, and 50. The
proposed method was compared with eight different CBIR techniques. Results found the
proposed global level technique to outperform all other techniques from the literature, for
all 10 different categories of images from the Corel image database. This technique was
then compared with the proposed local technique and resuits were much better for the
former than the latter. This observed superiority of the global approach to the local

approach might be due to the loss of information during the segmentation process in the
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local approach. Additional improvements could be brought by incorporating relevance

feedback.

In the third method, the proposed global technique for CBIR was further improved by
introducing multifarious features. Here, different image features were combined with
different similarity measures and the distances were combined by implementing the
genetic programming technique to find a single distance measure. In addition, relevance
feedback was also integrated into the system to reduce the semantic gap. Retrieved
images were subject to relevance feedback and images were ranked based on the user’s
input to the system. Feature space thus obtained by the k-nearest neighbor query images
was transformed through a genetic algorithm to obtain optimized retrieved images from

the system.
6.2. Future Work

Several frameworks have been proposed in this thesis as having the ability to enhance the
retrieval results of CBIR systems. There are many other issues that need to be resolved
for future enhancements in CBIR systems. Image features are of great importance in
CBIR systems. Research has to be carried out to find and explore other image features
than those currently used by many systems. Also, the number of multifarious features
proposed in this thesis can be increased by further investigation of different image
features in combination with different similarity measures. The local approach proposed
here can further be improved by the application of a proper segmentation technique to
avoid any loss of information and to extract all the image features appropriately from

cach segmented part of the image.

The genetic programming incorporated in the proposed system can further be improved
by investigating other fitness functions and trying different genetic operations for better
results. Selection of important image features through a good selection method such as
PCA and neural networks can be incorporated into these systems. This will increase the
efficiency of the systems by counting image features that are of greater importance

compared to other features.
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Most CBIR systems are based on static image databases where the numbers of images are
fixed and where feature vectors created are stored in the systems. Scalability can be
brought by developing a system for dynamic databases where images are added and

removed constantly.
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