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ABSTRACT

Recent years, there have been witnesses on the rapid growth of digital images due to the
increasing power of computing and the fast development of the internet. Because of this
tremendous increase of digital images, there _is an urgent need of image content description to
facilitate automatic retrieval. So a.new multimedia application, called content based image
retrieval (CBIR) has played an important role to address this urgent issue and attracts more and
more attention of researchers. In CBIR, image is described by several low level image features,
such as color, texture, shape, special layout or the combination of these features. This thesis
investigated a combination of multi-features based image retrieval techniques.

Color, texture and shape features have been the primitive image descriptors in content
based image retrieval system. In this thesis, a novel framework for combining and weight all of
three i.e. color, texture, and shape features had been proposed. The color feature is extracted by
quantifying of YUV color space and the color attributes like a mean value, standard deviation,
and image bitmap of YUV color space are represented. The texture features are obtained by the
entropy based on the gray level co-occurrence matrix and the edge histogram descriptor of an
.image. And the Fourier descriptors derived from difference signatures are represented to shape
descriptors. Those are also normalized by normalized information distance to adjust distance
values into the same level before the linear combination and weight applied to combine all of
three features to obtain the similarity as indexing of image. Furthermore, an experimental results

indicated a weight variation to achieve higher retrieval efficiency and accuracy.
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Chapter 1

Introduction

1.1 Introduction

During the last decade there has been a rapid increase in volume of image and video
collection. A huge amount of information is available, and daily gigabytes of new visual
information are generated, stored, and transmitted. However, it is difficult to access this visual
information unless it is organized in a way that allows efficient browsing, searching, and retrieval.
Traditional methods of indexing images in databases rely on a number of descriptive keywords,
associated with each image. Those manual annotation approaches are subjective and recently, due
to the rapidly growing database size is becoming outdated. To overcome these difficulties in the
early 1990s, Content-Based Image Retrieval (CBIR) emerged as a promising means for
describing and retrieving images. According to its objective, instead of being manually annotated
with text-based keywords, images are indexed by their visual content, such as color, texture,

shape, and spatial layout.

The importance of content-based retrieval for many applications, ranging from art
galleries and museum archives to picture collections, criminal investigation, medical and
geographic databases, makes the visual information retrieval one of the fastest growing research
fields in information technology. So, in the recent year, many content-based retrieval applications
have been created for both research and commiercial purposes and attracted more and more
attention of researchers. All most of the CBIR research is finding technique to enhance the
performance for retrieving more similar image from the image databases of retrieval scheme with
developing algorithms exploit the low-level features of the image. Therefore, a content-based

image retrieval has been interested and has proposed in this thesis.

1.2 Objective

The purpose of thesis is to investigate new problems and solutions, so as to improve not
only the retrieval performance but also the practicality of CBIR system. The specific objective

include conducting research on three major issues in the CBIR field, which are 1) feature



aggregation for similarity measures, 2) a relevance feedback of the retrieval system, and 3) a

retrieval model that incorporates background knowledge.

The first research objective is to investigate the feature aggregation for similarity
measures. It is critical to measure image similarity for the purpose of CBIR. Feature aggregation
is a promising approach for the similarity measure, which obtain image similarity by combining
multiple feature distances measured in individual feature spaces. However, feature aggregation
has not been investigated sufficiently in the CBIR field. This thesis addresses three specific
problems on feature aggregation: 1) how to choose a suitable feature indexing of visual features
before feature aggregation; 2) how to develop a unified framework to unify various aggregation
methods; 3) how to effectively exploit the discriminant ability of individual visual features in the

aggregation procedure.

The second research objective is to investigate a relevance feedback of the retrieval
system. The final objective of content based image retrieval is to find images that are perceptually
similar to a given c‘luery. In an ideal situation, image retrieval system should have the ability to
extract all the relevant semantic features from the image in the same way as a human being does.
In this thesis, in addition of a combination multiple low-level visual features, a novel method to
assign weights to different features has been proposed for relevance feedback of the retrieval

system.

The third research objective is to investigate a retrieval model that incorporates
background knowledge. Recent research shows that background knowledge can be incorporated
into CBIR schemes to improve retrieval performance. However, it is critical to effectively express
the background knowledge of the applications. This thesis explores the expression model of
background knowledge for the purpose of CBIR. In particularly, based on information normalized
distance to adjust each feature distance before combining feature and weight variation were

proposed to improve the retrieval performance more effectively than conventional schemes.



1.3 Image Retrieval System

The prevalence of digital cameras has brought about an exponential growth in the amount
of image and videos found on the World Wide Web and in both private and commercial
collections. These digital images and videos have found useful application in many fields
including business, education, defense and security, to mention a few. The large volume of image
and video archives has necessitated the development of efficient methods to enable searching,
locating and retrieval. The research community has responded to this challenge and we have
witnessed the development of a plethora of techniques and a working system in the last two
decades. Image retrieval has become a very active research area since the 1970’s, with the thrust

from two major research communities: Database Management and Computer Vision.
1.3.1 Image Retrieval Problem

In this computer age, virtually all spheres of human life including commerce,
government, academics, hospitals, crime prevent{on, surveilldﬁ?:é, engineering, architecture,
journalism, fashion and graphic design, and historical research use images for efficient services.
A large collection of image is referred to as an image database. An image database is a system
where image data is integrated and stored [1]. Image data include the raw images and information

extracted from images by automated or computer assisted image analysis.

The police maintain an image database of criminals, crime scenes, and stolen items. In
the medical profession, X-rays and scanned image database are kept for diagnosis, monitoring,
and research purposes. Architectural and engineering design, image database exists for design
projects, finished projects, and machine parts. In publishing and advertising, journalists create
image databases for various events and activities such as sports, buildings, personalities, national
and international events, and product advertisements. In historical research, image databases are
created for archiving in areas that include arts, sociology, and medicine. For a small collection of
images, simple browsing can identify an image. This is not the case for large and varied collection
of images, where the user encounters the image, retrieval problem, text-based and content-based

are the two techniques adopted for search and retrieval in an image database.
1.3.2 Text-Based and Content-Based Image Retrieval

In text-based retrieval, images are indexed using keywords, subject headings,or

classification codes, which in turn are used as retrieval keys during search and retrieval [2]. Text-



based retrieval is non-standardized because different users employ different keywords for
annotation. Text descriptions are sometimes subjective and incomplete because they cannot depict
con;plicated image features very well. Examples are texture image that cannot be described in the
text. Textual information about images can be easily searched using existing technology, but
requires human to personally describe every image in the database. This is impractical for very
large databases, or for images that are generated automatically, e.g. from surveillance cameras. It
is also possible to miss images that use different synonyms in their descriptions. Systems based
on categorizing images in semantic classes like “horse” as a subclass of “animal” avoid this

problem, but still face the same scaling issues [3].

®

The Content-Based Image Retrieval (CBIR) technique uses image content to search and
retrieve digital images. Content-based image retrieval systems were introduced to address the
problems associated with text-based image retrieval. Content based image retrieval is a set of
techniques for retrieving semantically-relevant images from an image database based on
automatically-derived image features [4]. The main goal of CBIR is efficiency during image
indexing and retrieval, thereby reducing the need for human intervention in the indexing process.

- The computer must be able to retrieve images from a database without any human assumption on

specific domains (such as texture vs. non-texture, or indoor vs. outdoor).

One of the main tasks for CBIR system is similarity comparison; extracting feature
signatures of every image based on its pixel values and defining rules for comparing images.
These features become the image representation for measuring similarity with other images in the
database. An image is compared to other images by calculating the different between. their

corresponding features.
1.3.3 Fields of Application

Tmage retrieval based on content is extremely useful in a plethora of application such as
publishing and advertising, historical research, fashion and graphic design, architectural and
engineering design, crime prevention, medical diagnosis, geographical information and remote
sensing systems, etc. [5]. A typical image retrieval application example is a design engineer who
needs to search his organization database for design projects similar to that required by his clients,
or the police secking to confirm the face of a suspected department, before the trademark is

finally approved for use, there is need to find out if such or similar ones ever existed. In hospitals,



some ailments require the medical practitioner to search and review similar X-rays or scanned

images of a patient before proffering a solution.

The most important application, however, is the Web, as a big fraction of it is devoted to
images, and searching for a specific image is indeed a daunting task. Numerous commercial and
.experimental CBIR systems are now available, and many web search engines are now equipped

with CBIR facilities, as for example Alta Vista, Yahoo and Google [6].
1.3.4 Principle of CBIR

Content-based retrieval uses the contents of images to reﬁresent and access the images. A
typical content-based retrieval system is divided into off-line feature extraction and on-line image
retrieval. A conceptual framework for content-based image retrieval is illustrated in Figure 1.1
[4]. In off-line stage, the system automatically extracts visual attributes (color, shape, texture, and
spatial information) of each image in the database based on its pixel values and stores them in
different database within the system called a feature database. The feature data (also known as
image signature) for each of the visual attributes of each image is very much smaller in size
compared to the image data, thus the feature database contains an abstraction (compact form) of
the irﬁages in the significant compression of image representation. However, a more important
reason for using the signature is to gain an improved correlation between image representation

and visual semantics [4].

In on-line image retrieval, the user can submit a query example to the retrieval system in
search of desired images The system represents-this example with a feature vector. The distance
(i.e., similarities) between the feature vectors of the query example, and those of the media in the
feature database are then computed and ranked. Retrieval is conducted by applying an indexing
scheme to provide an efficient way of searching the image database. Finally, the system ranks the
search result and then returns the results that are most similar to the query examples. If the user is
not satisfied with search results, he can provide relevance feedback of the retrieval system, which

contains a mechanism to learn the user’s information needs.
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Figure 1.1: A Conceptual Framework for Content-Based Image Retrieval.

1.4 Motivation of This Work

The design and development of effective and efficient CBIR system are still a research
problem, because the nature of digital images.involvqs two well-known problems: the semantic
gap and the computational load manage large file collection. The semantic gap is the lack of
_coincidence between the information that ome can extract from the visual data and the
interpretation that the same data have for a user in a given situation [7]. It has linguistic and
contextual consequences, and mainly depends on the domain knowledge to represent images. On
the other hand, the computation load, when large image collections are managed, may make

impractical use of CBIR system [8].

The aim of this thesis is to propose a CBIR system; an important task of the system is to
reduce the “semantic gap” between low-level image features and the richness of human semantics
and to enhance the efficiency and accuracy of the CBIR system. The system used a combination
of color, texture, and shape features to extract the features from the images and novel framework
to combine those features were normalized by the normalize information distance before

combined. The contribution of this work is included:



® Salient low-level features have been a widely using to extract a feature from an
image. In many systems, they have been developed algorithms exploit the low-level
features of the image such as color, texture, shape, and spatial descriptors of an
object to help retrieve images from large databases. Some of them, not only one
feature as well represent indexing to measure similarity of the images and to achieve

the performance of the retrieval system.

® A set of human perception experiments was designed and conducted to gain insight
into human perception of similar images. Analysis of the experimental results by
using combination multiple low-level visual features with each feature being

weighted differently according to its ability to describe the content of the images.

1.5 Thesis Outline

The rest of this thesis is organized as follows. Chapter 2 reviews the idea behind content-
based image retrieval and summarizes some of the related work in the topic of CBIR. The major
problems in CBIR paradigm of user query, choice of visual features, design of similarity
measures, investigation of image collections, approach of results presentation and measures of
performance evaluation. Chapter 3 begins by introducing a color fundamental and described a
color attribute to obtain a color feature representing. Chapter 4 presents different texture attributes
used in content-based image retrieval and described a feature e;xtraction of gray-level co-
occurrence matrix and edge histogram descriptor to obtain the texture feature representing. The
different shape attributes and shape feature based on Fourier descriptors are proposed in Chapter
5. The similarity as indexing of the image based on combining and weighting all of three features
was described in Chapter 6. The simulation results and evaluation of the each system, as well as
the overall systems, are detailed in Chapter 7. Finally, Chapter 8 concludes our work and suggests

future work.



Chapter 2

Content Based Image Retrieval: A Literature Review

In content based image retrieval (CBIR) image databases are indexed with descriptors
derived from the visual content of the image. Most CBIR systems are concerned with
approximate queries where the goal is to find images visually similar to a specified target image.
In most cases the goal of CBIR systems is to replicate human perception of image similarity as

well as possible.

CBIR presents a challenging problem since it has common elements with both the
general image understanding problem (which seems to remain unsolvable for computers at least
in the near future) and the field of general information retrieval. Humans excel in image
understanding when compared with computers. In contrast, 'in systematic handling of large
databases computers have an edge over us. For this reason CBIR is also potentially very
rewarding. This chapter proposed a literature of CBIR and discusses some of the issues relat;ed t.o
implementation of CBIR systems. The representation does not even try to be complete or

exhaustive. Some important issues are discussed not at all only superficially mentioned.
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Figure 2.1: A generic system architecture for CBIR.



2.1 A Generic System Architecture of CBIR

Figure 2.1 shows generic system architecture for content-based image retrieval. In a
typical retrieval scenario, the user first provides an example image to query the CBIR system. The
example image is used to describe the user’s information need. To answer the query, the CBIR
system searches the image collection for similar images to the example. In the context of CBIR,
the similarity is defined on image content which is usually characterized by visual features.
Therefore, the CBIR system would extract visual features from the example image. The similarity
measurement is performed on the visual features of an example image and that of -each image in
the collection. The feature extraction for images in the collection is normally conducted
beforehand. Finally, the images of the collection are ranked according to their similarities to the
query and some top ranked images would be returned as retrieval results. To improve the system
performance, some techniques could be introduced into a CBIR system. Relevance feedback is
introduced into CBIR systems in order to better capture the user’s information need through
iterative feedback and query refinement [9]. Image classification and clustering are introduced
into a CBIR system to organize unstructured image collections, so as to improve retrieval

accuracy and speedup image retrieval [10].

2.2 User Query

How to describe the user’s information need and query the retrieval system is an inherent
problem of content-based image retrieval. Query-by-example (QBE) is a generally accepted
paradigm in the CBIR field [11]. Under the QBE paradigm, the user can use an example to query
the CBIR system and expect to obtain similar images to the query example. Given a query, the
CBIR system would extract visual features from the example and measure the similarities of
images in the collection. Due to the ease of similarity measure, using an example image should be
the most representative way [12]. This thesis will adopt the way of query by example image,
although other query approaches are reasonable in their applications, such as sketch-based

approach [13] and interactive approach [14].

Research has shown that a single example image is unable to sufficiently describe the
user’s information need and multiple example images are necessary [15]. Multiple example
images could be provided by the user at an initial query time [15] or obtained during a number of

iterations of relevance feedback [9]. With multiple example images, the retrieval performance can
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be improved effectively such as by learning a more powerful similarity measure for the specific
query. Several research works using multiple example images have been reported and certain

-

success has been achieved in their applications [16].

2.3 Visual Feature

Given an example image as a query, the next question is how to describe the image
content. In the context of CBIR, image content is normally described by visual features. The
retrieval performance depends on the ability of visual features to describe the image content for a

specific application.

Color features, texture features and shape features are three types of visual features well
studied and extensively used in the CBIR field [17]. Color features are most widely used in
CBIR, which may be ascribed to the superior discriminating potentiality of a three-dimensional
domain over the single dimensional domain of gray-level images [11]. Color features can be
defined in various color spaces for different applications. Texture features are another set of
powerful visual features for CBIR. They could capture the granularity and repetitive patterns of
surfaces in an image. In domain specific image retrieval, such as in aerial imagery and medical
imaging, texture features are particularly useful due to their close relation to the underlying
semantics in these cases [12]. Shape features are also important for CBIR, while they have not
been as widely used as color and texture features. A critical problem would be the inaccuracy of
segmentation in the extraction of-shape features. Shape features can show key attributes of a
segmented image region, and their efficient and robust representation could play an important role
particularly in object-based image retrieval.

MPEG-7 is a well-known multimedia content description standard. A set of visual
descriptors had been tested and included in the MPEG-7 standard [18]. The MPEG-7 color
descriptions include a number of histogram descriptors, a dominant color, and a color layout

descriptor [18].

The scalable color descriptor (SCD) is a color histogram descriptor which is able to
capture the color distribution in the image. SCD is defined in the hue-saturation-value (HSV)

color space, and uses a Haar transform encoding, in order to address the interoperability issue.
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The color structure descriptor (CSD) is another color histogram descriptor, which is
defined in hue-max-min-difference (HMMD) space to provide information regarding color

distribution as well as localized spatial color structure in the image.

The dominant color descriptor (DCD) compactly conveys global information regarding
the dominant color present in the image. The image is represented as a set of color vecters

together with their percentage.

The color layout descriptor (CLD) provides information about the spatial color
distribution within images. After an image is divided into 64 blocks, CLD is extracted from each

of the blocks based on the discrete cosine transform.

The MPEG-7 texture descriptions include texture browsing descriptor, homogeneous

texture descriptor and edge histogram texture descriptor [19].

The texture browsing descriptor (IBD) characterizes perceptual attributes such as
directionality, regularity, and coarseness of texture. A set of scale and orientation selective band-
pass filters is applied to filter the image and the filtered outputs are then used to compute the

texture browsing descriptor components.

The homogeneous texture descriptor (HTD) represents the mean of energy deviation of
30 frequency channels modeled using the Gabor function. The image is filtered by a bank of
orientation and scale sensitive filters and the filtered outputs in the frequency domain are used to

compute HTD components.

The edge histogram descriptor (EHD) captures the edge distribution within an image.
EHD extracts edge information from 16 sub-images and categorizes it into five classes for each

sub-image: horizontal, vertical, 45 degree, 135 degree and non-directional.

The MPEG-7 shape descriptions include region-based shape descriptor, contour-based

shape descriptor and 3D shape descriptor [19].

The region-based shape descriptor makes-use of all pixels constituting the shape within
the image and it can describe the shape with a single connected region and the shape consisting of

holes in the objects or several disjoint regions.

’
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The contour shape descriptor capture characteristic shape features of an object or region
based on its contour. The contour-based shape descriptor uses the curvature scale-space

representation which can capture perceptually meaningful features of the shape.

The 3D shape descriptor provides an intrinsic shape description of 3D mesh models. It

exploits some local attributes of the 3D surface.

There are some other visual features proposed for the purpose of CBIR [11], such as
salient points and spatial location. Salient points can show the local.invariants for image
matching. For example, a recent work studied pruned salient point for the purposed of CBIR [20].
Spatial location could be useful particularly in region-based image retrieval [21]. The spatial

location and spatial relationship can show the clues for the semantic of an image.

Since each single feature normally describes a specific aspect of image content, multiple
visual features are necessary for the general purpose CBIR. Recent research work uses multiple
visual features, which can improve the retrieval performance effectively [18]. Although there are
a number of good visual features available [11] for CBIR, how to effectively employ multiple
visual features in CBIR systems is still an open problem. In particular, a critical problem is to
measure image similarity using multiple visual features. This thesis will i.nvésﬁgate method; of

similarity measure using multiple visual features.

2.4 Similarity Measure

In content-based image retrieval, similarity measure consistent with human perceptual
similarity is a fundamental problem because it determines if the system can satisfy the user’s
information need. A simple way to measure image similarity is to use distance (dissimilarity)
measures. In particular, a specific distance measure could be designed for a single visual feature
in a certain space to match the perceptual similarity [11, 18]. However, simple distance-based
methods are not always effective enough, and more effective and complex method is desirable for

CBIR [12].
2.4.1 Distance Measures

In the CBIR field, there are a number of distance measures used for similarity
computation, such as the Minkowski metric, Hausdorff distance, K-L divergence, Earth Mover’s

Distance (EMD), and Integrated Region Matching (IRM). The well-known Euclidean distance
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(L ,distance) and Manhattan distance (L, distance) are special cases of the Minkowski metric. The
weighted Euclidean has been used for the color moments e MARS system [15]. The weighted

Euclidean distance between two vectors x and y, can be computed by

D, (x,y) = ij(xj—Yj)z , @.1)
7

wherew,is the weight of the j-th component, and x;and y;are components of x and y, respectively.
The Manhattan distance is recommended to compute the distance of two CSD descriptors by

MPEG-7 [18]. The Manhattan distance between two vectors x and y, can be computed by

Dy (x,y) = le,- -yl (2.2)

J
The Hausdorff distance is applied in region-based image retrieval by Ko and Byun

[22]. The Hausdorff distance between two sets of points A and B can be computed by

DH(A, B) = max (max,-minjD(ai, b]), maxjminLD(b], ai)) » (2.3)

wherea €4, b€B, and D(.,, .) is any underlying vector distance. The Kullback-Leibler (K-L)
divergence is used in the method for measuring similarity of texture features {23]. The KL

divergence between two distribution f{ ) and g () can be computed by

Dy, (f,9) = N f(x) log%dxﬂm(f.g)=Zf(x)log§%, (2.4)

in the continuous and discrete cases, respectively. The Earth Mover’s Distance (EMD) is widely
used in region-based image retrieval [24] since it well matches perceptual similarity and can be
applied to variable-length representations of distributions. The integrated region matching (IRM)
is proposed by Li et al. [25], which can match a region of one image to several regions of another

image.

Research has shown that multiple visual features are necessary for the general
purpose of CBIR. While simple distance-based methods lead to very efficient computation, they

often are not effective enough to be useful [12]. In the case of multiple visual features, it is too
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ambitious to except a single distance measure to produce meaningful retrieval results for various
queries. Different visual features may require different distance measures for similarity matching,
such as pairs of visual feature and distance measure recommended by MPEG-7 [18]. Generally
speaking, multiple visual features are able to describe the image content more effectively.
However, similarity measure based on multiple visual features is a big challenge for CBIR.
Recent research tends to develop more effective and complex methods rather than single distance

measure.
2.4.2 Feature Fusion

Feature fusion aims to measure image similarity using multiple visual features. There are
two feature fusion approaches, early fusion and feature aggregation (also named late fusion [26]).
Early fusion uses a unified measure to conduct similarity computation on a unified image
representation derived from multiple visual features. It can be based on similarity metric learning,

classification formulation and nonlinear manifold learning,

Some methods aim to customize a similarity measure by considering the importance of
feature components for a specific query. Based on relevance feedbz_lck, early weighting methods
use heuristic formulation with empirical parameter adjustment [27]. fhc basic idea is to assign
higher weight to those feature components that yvell group positive examples and separate the
positive and negative. An optimization formulation of the learning process is presented for
multiple visual features in the retrieval system [28], which overcomes the difficulties of the well-
founded theoretical framework proposed in MindReader. In a region-based scheme [29], each
image is represented as a family of fuzzy features derived from color, texture and shape, and

image similarity is computed by a unified feature matching measure.

Some methods formulate content-based image retrieval as a classification problem [30]
and achieve similarity measure by a classified. For example, based on relevance feedback,
content-based image retrieval can be treated as a binary classification problem, where the positive
class consists of all relevant images to the query and the negative class includes all irrelevant
images. The positive and negative examples obtained during relevance feedback can be used to
train a binary classifier such as SVM [31]. Then, the decision functions could be used to measure
the image similarity. To address the problem that only positive examples are available, the
problem of CBIR was treated as a one-class problem and solved by One-Class SVM [32]. It is

reasonable to treat all relevant images in a class, however the negative images are various which
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cannot form a class. To address this problem, the problem of CBIR was cast as a (1+x)-class
classification problem in Zhou and Huang [33]. Moreover, Peng explored the approach which
treats the problem of CBIR as a multiclass classification problem [34]. Recent work focused on
addressing some practical problems in the way that treats CBIR as a classification problem. Tao
et al. proposed CBIR schemes to address the problem of small training sample size and the
problem of asymmetric training samples [35]. Wang et al. explored how.to optimize kernel

parameters in CBIR schemes employing Kernel-based biased discriminant analysis [36].

Some other methods are aimed to search for a nonlinear manifold with which visual
perception may be achieved better than the original linear space [12], such as by locally-linear
embedding (LLE) and multidimensional scaling (MDS). Then, similarity measurement could be
conducted in the new feature space more effectively. The ranking on data manifolds is firstly
explored by Zhou et al. [37]. He proposed an incremental semi-supervised subspace learning
method for content-based image retrieval by employing locality preserving projection [38]. A
multi-resolution manifold distance for invariant image similarity is presented by Vasconcelos and
Lippman [39]. He et al. proposed a manifold ranking method for image retrieval [40], which
could incorporate the information obtained from relevance feedback. Yu and Tian proposed an
optimal non-linear subspace projection to capture the most important properties of the subspaces
with respect to classification [41]. Recently, He et al. proposed maximum margin projection [42]
to maximize the margin between positive and negative examples at each local neighborhood,

which is more suitable for image retrieval.

In contrast to early fusion, feature aggregation adopts a different approach, which
combines multiple feature distance to obtain image similarity. Normally each visual feature
requires a specific measure to match visual similarity because different features normally describe
different aspects of image content. Feature aggregation can take this observation into account. A

review of feature aggregation is provided in Section 2.7.

2.5 Image Collection and Result Presentation

The scope of an image collection is related to its applications and can influence the
complexity of CBIR system design. The categories of image collections include personal
collection, domain-specific collection, enterprise collection, archives and web [12]. Various

categories would be different in size, storage and type of data (homogeneous or heterogeneous).



16

These would be taken into account when developing CBIR techniques for a specific application.
In particular, a common consideration in the early research is that image collections are

unstructured and retrieval is based on a single similarity measure.

Since a single similarity measure is hard to produce and meaningful ranking of image,
more efforts have been made to learning-based techniques, such as supervised image
classification and unsupervised image clustering [12]. Image classification [43] and image
clustering [44] can be used to organize unstructured image collections. Each image class can use
its own similarity measure. Based on the image classes constructed by classification or clustering,
only the images that belong to the relevant image class as predicted for the query will be ranked
and returned as retrieval results. In a result, image classification/clustering can speed-up retrieval
and improve accuracy effectively. However, clustering and classification for the purpose of CBIR

received relatively less attention in the early years of research [12].

The presentation of retrieval results could influence user satisfaction of CBIR systems.
The most popular way to present retrieval results isbased on the relevance to the query. Images in
a collection would be ranked according to their similarities measured on visual features. Other
ways include class-based [45] and hierarchical [46]. For example, image clustering could be
performed on the highly ranked images by conventional metadata-based method and the retrieval
results are presented based on image clusters [45]. Generally speaking, the different ways for

presentation of retrieval results should be combined with proper CBIR techniques.

2.6 Evaluation, Systems and Applications

Subjects reviewed in this section include retrieval performance evaluation, real-world
CBIR systems and existing/potential applications. In particular, a new research topic in the CBIR

field, the security of CBIR systems, will be mentioned.
2.6.1 Performance Evaluation

In the research of CBIR, performance evaluation involves three aspects, evaluation

dataset, ground truth and evaluation measures.

There are several image datasets used for CBIR evaluation, such as Corel Stock Photos,
Caltech101 [47], Image CLEF, and TRECVID. Corel pictures are most popular for performance
evaluation in CBIR. Caltech101 include 101 picture categories, which has been extended to 256
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picture categories [48]. Image CLEFis atrack as part of a cross-language evaluation forum, which
also provides an image dataset consisting of over 20,000 pictures for performance evaluation of
CBIR [50]. The TRECVID benchmark is another popular one in the CBIR community to validate

their search and retrieval algorithms.

The construction of ground truth is a practical problem. There are some techniques for
creating ground truth [49], such as use of collection with predefined subsets, image grouping, and
user judgment. An advantage of using collections with predefined image groups is the ease of
obtaining relevance judgments. In contrast, image grouping or use judgment requires the experts
or real users to explore the entire image collection, which is normally time-consuming particular
for large-scale collections. However, grouping by the collection itself is not always based on
visual similarity. Groups may include semantic and visual images. To create ground truth for
visual content based retrieval, group should be cleaned to only contain visually similar images. A

common technique would be cleaning the bredeﬁned subsets by using domain expert knowledge.

Precision and recall are two of the most evaluation measures [49]. Precision is defined as
the number of retrieved relevant images divided by the total number of retrieved images. Recall is
defined as the number of retrieved relevant images divided by the fotal number of existing
relevant images. Precision and recall have an inverse relationship. Image retrieval results are
usually reported by precision-reverse curves. Another popular measure is average precision,
which is defined as the mean of all the individual precision scores. Average precision can show
the effect of the respective rankings of relevant images in 2 ranked image list. Furthermore, mean
average precision (MAP) can be defined for a set of queries, which is the mean of the average
precision for each query. MAP has been shown to have good discrimination and stability. Other
measures used in CBIR include such as average normalized modified retrieval rank (ANMRR)
[18]. The recent comprehensive overview and discussion on performance measures for CBIR
refer to [50]. To show statistical significance, the retrieval performance is computed over a
number of queries. Normally, the number of queries is range from 100 to 1000 [45]. The size of
the image collection is from 1,000 to 20,000[43]. For large-scale retrieval, the size of the

collection can up to 80 million [51].
2.6.2 Systems and Applications

The existing applications of CBIR would be for art culture, medical, personal and the

web [52]. In different applications, users may have different interests, which would result in
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various requirements for CBIR techniques. For example, in the applications for art and culture
[53], many art objects have distinct color, texture and shape patterns. In contrast, in the
applications for medical [52], a medical professional is interested in a dark round area in a lung
X-ray which may mean a particular pathology. The potential applications would be in several
areas, such as consumer world, public safety and the professional world. For example, in the
professional world, CBIR techniques can provide an easy way for people to retrieve, browse and

skim their interested content in their recorded meeting archive [54].

There are a number of CBIR systems developed in academia, such as MARS [15],
SIMPLIcity [55] and Picsom [56]. A comprehensive review of early CBIR systems is provided in
Veltkamp and Tanase [57]. Recently, two well-known commercial search engines, Google Image
Search and Microsoft Bing Image Search, also support to “find similar images’ or ‘show similar
images’ for a specific image. They allow users to query by a single image and return similar
images by combining the results of metadata-based image retrieval and content-based image
retrieval. CBIR systems are being developed in various domains such as family album
management, botany, astronomy, mineralogy and remote sensing {12]. However, not many CBIR
systems are deployed for public usage [12], which also becomes motivation for the work on

CBIR.

An observation is there are a few efforts addressing security concerns. However, security
would be a critical aspect of practical CBIR systems. With the popularity of visual information
retrieval in ordinary users, security is becoming more and more important. For example, the
copyright protection would be an important security problem in CBIR systems. In medical
applications [58], a medical image is used as a query which carries the user’s health information
and should pot be distributed without authorization. This problem is called the user’s rights

protection.

2.7 Feature Aggregation for Similarity Measure

Feature aggregation is a feature fusion approach, which combines multiple feature
distance (dissimilarities) measured in different feature spaces to obtain image similarity. The
advantage of feature aggregation is that specific distance metrics can be applied to different visual

features. A distance metric can be specifically designed by tanking into account the nature of a
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visual feature, so as to well visual perceptual similarity. Some work on feature aggregation [15,

55] has been reported in the literature, while there are some unsolved problems.

First, existing feature aggregation methods are superior in different situations [15, 59,
60]. In SIMPLIcity, the similarity between two image regions is obtained by combining multiple
feature distances using a heuristic converting function [55]. The aggregation method could be
based on simple fixed fusion operations [59], such as Min, Max and Sum. The simple fusion
operations are effective in some applications, but they do not take into account the different
importance of visual features for various queries. The linear combination was proposed to
aggregate multiple feature distance for the purpose of CBIR, which can set the weighting of
visual features to describe the importance [15]. In another way, the Boolean logic was applied to
combine multiple feature distance in the MARS system and Blobworld {60]. To overcome the
limitations of traditional Boolean logic, the combination was treated as a decision problem and
solved by a fuzzy logic-based decision method [15]. An unsolved problem is how to select a

proper aggregation method to better satisfy a'user’s information need.

Second, the combina'tion function for feature aggregation is normally leamed from multi-
example queries. Rui et al. [15] heuristically adjust a linear combination function according to the
example images obtained through relevance feedback. An optimization method for the
combination function was presented later [28]. A genetic programming framework was proposed
to combine MPEG-7 descriptor similarities for the purpose of CBIR. These methods would be
applied for all examples in the query. Recently, a localized learning method {61] for the
combination function was proposed. It is based on an observation that a feature descriptor may be
not equall); important to different training example images. This method was proposed for image
classification based CBIR scheme. Some CBIR systems may not employ image classification. In
the CBIR applications with unstructured image collections, the system should search relevant
images according to the example images provided by the user. A new problem is how to design a
localized learning method for retrieval by multi-example queries in the CBIR systems without

employing image classification.
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Third, most existing feature aggregation methods [15, 60, 55] such as linear combination
[15], and fuzzy logic-based method [53], adopt the parallel parading. In parallel feature
aggregation, the function of individual visual features is limited sine the retrieved images are
determined only by the aggregated similarity. The irrelevant images can seriously affect the
retrieval performance since all images in the collection are used for ranking. In contrast to the
parallel paradigm, the series paradigm can util_ize individual visual features in sequence. The

series feature aggregation is a novel idea and is investigated in this thesis.

2.8 Retrieval Model by Incorporating Backgroung Knowledge

As mentioned in Section 2.2, a single image is unable to adequately characterize the
user’s information need so that multiple example images are described [15, 16, 62]. For instance,
a user provides an image of ‘red car’ as a query, it is difficult to determine the user’s information
need, whether the user is looking for images of ‘red car’ or images of “car’ regardless of colors?.
In contrast to a single example query, the relatxonshlps of visual content in a multi-example query
could be explored to reveal more on the user’s mformatlon need. For instance, a user provides
images of a ‘red car’ and other cars with various colors, it could be inferred that the user is
looking for images of cars regardless of colors. In the above examples, the words, ‘red car’ and
‘car’, is used to describe the visual content of images perceived by people, not the semantic

meaning of the car and colors.

Most work on CBIR with multi-example queries aims to improve the retrieval
performance by selecting or developing effective combination methods. A number of retrieval
experiments showed that a single image is not sufficient to express the user’s query and multi-
example queries are superior [62]. Jin and French [63] proposed a retrieval scheme to merge
multiple image list ranked according to example images instead of finding a query center. Natsev
and Smith [64] proposed and investigated some techniques for active selection of query examples
and query features. An empirical study showed that the performance of lightweight methods using

simple combination rules is comparable to heavyweight SVM methods {64]. Zhu and Zhang [65]
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presented and evaluated a variety of result combination sirategies which includes linear distance
combination and non-linear result combination, in order to improve retrieval results using multi-
example queries. Abbadni [66] proposed a two-level approach for multi-example queries, in
which a linear model was used to fuse multiple representations and a round robin scheme was
used to fuse multiple ranking lists obtained from example images. Westerveld and Vries [67]
proposed two generation models, query generation and document generation, to theoretically

model image retrieval using multiple example images.

Relevance feedback can be viewed as a way of supplying multiple example images by
involving users in the retrieval process [15]. Some computing techniques used in relevance
feedback, where multiple selected images are handled, could be adapted to process images
supplied as examples in multi-example queries, for example, the weight optimization method
[28]. In this approach, some difference should be cqnsidéf;d in developing retrieval scheme with
multi-example queries. In conventional CBIR schemes with relevance feedback [15, 30], the user
provides a single image as a query and the system returs the initial retrieval results. Then, the
user is required to label some returned images as relevant or irrelevant. The system automatically
adjusts internal parameters based on the user’s feedback. A session labeling returned images

requires several iterations.

In contrast, the retrieval schemes with multi-example queries aim to search relevant
images using multiple example images provided by the user as a query in ‘a session with no
iterations. From the sampling point of view [68], which only relevant example images are
concerned, the approaches of relevance feedback and multi-example querying are different. The
approach of obtaining relevant example images using relevance feedback can be viewed as a kind
of cluster sampling, because the labeled relevant image would be clustered around the initial
query in some way which is determined by the search strategy of CBIR. However, the approach
of multi-example querying can be viewed as a kind of simple random sampling, as the example

images provided by the user have certain diversity in low-level feature spaces [63].
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Although the retrieval schemes for multi-example queries differ, all of them are built
upon the same assumption that the relevant images in a multi-example query are provided
correctly by the user and exactly express the user’s information need. However, in practical CBIR
systems, this assumption may not always hold. For instance, an ordinary user nay makes mistakes

or supplies some example images that do not precisely characterize the user’s query.

2.9 Chapter Summary

This chapter provided a short review of content-based image retrieval, which involves
user query, visual features, similarity measures, image collections, evaluation, systems and
applications. The focus has been put on two topics: feature aggregation for similarity measures
and a retrieval model by incorporating background knowledge. Several research problems were
also pointed out and discussed in the review. In summary, there are two importance research

topics which will be investigated in this thesis.

® The first research topic is feature for similarity measures. In feature aggregation, the
aggregation methods can use heuristic functions, machine learning, or parallel
model. There are three specific research problems. First, how to adjust the
aggregation function according to different queries. Second, how to learn a local
aggregation functioned for each query example. Third, how to sufficiently utilize the
discriminant power of individual visual features.

® The second research topic is about retrieval model. Background knowledge can be
incorporated into unsupervised multi-example queries and relevance feedback to
further improve the retrieval performance in the terms of accuracy and efficiency. A

specific research problem is how to supply the user’s information need.



Chapter 3

Feature Extraction

Feature extraction means obtaining useful information that can describe the image with
its content. We mean by image features with the characteristic properties. For example, the image
of a beach can be described by its color and some texture of seas and beaches. Objects in the
image can be considered as shapes that can be a feature of the image. To describe an image, we
have considered its main features that selecting image features are an important step to represent
the content of the image as well. Color, texture, and shape are some features considered for

s
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content image description. In this chapter, we will introduce three main features of the feature

extraction.

3.1 Color Feature Extraction

3.1.1 Color Fundamental

Color is:the brain reaction to a specific visual stimulus. Although we can precisely
describe color by measuring its spectral power distribution (the intensity of the visible electro-
magnetic radiation at many discrete wavelengths) this leads to a large degree of redundancy. The
reason for this redundancy is that the eye’s retina samples color using only three broad bands,
roughly corresponding to red, green and blue light. The signals from these color sensitive cells
(cones), together with those from the rods (sensitive to intensity only), are combined in the brain

to give several different “sensations” of the color.

® Brightness: the human sensation by which an area exhibits more or less light.

® Hue: the human sensation according to which an area appears to be similar to one, or

to proportions of two, of th'e perceived colors - red, yellow, green and blue.
® Colorfulness: the human sensation according to which an area appears to exhibit more

or less of its hue.
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® Lightness: the sensation of an area’s brightness relative to a reference white in the
scene.
® Chroma: the colorfulness of an area relative to the brightness of a reference white.

® Saturation: the colorfulness of an area relative to its brightness.

The tri-chromatic theory describes the way of three separate lights, red, green and blue,
can match any visible color — based on the eye’s use of three color sensitive sensors. This is the
basis of on which photography and printing operate, using three different colored dyes to
reproduce color in a scene. It is also the way that most computer color spaces operate, using three

parameters to define a color.

3.1.2 Color Spaces

A color space is a method by which we can specify, create and visualize color. As
humans, we may define a color by its attributes of brightness, hue and colorfulness. A computer
may describe a color using the amounts of red, green and blue phosphor emission required to
match a color. A printing-press may produce a specific color in terms of the reflectance and
absorbance of cyan, magenta, yellow and black inks on the printing paper. A color is thus usually
specified using three co-ordinates, or parameters. These parameters describe the position of the
color within the color space being used. They do not tell us what the color is, that depends on

what color space is being used.

One can describe color spaces using the notion perceptual uniformity. Perceptually
uniform means that two color spaces which are equally distant in the color space are perceptually
equally distant. Perceptual uniformity is a very important notion when a color space is quantized.
When a color space is perceptually uniform, there is less chance that the difference in color value

due to the quantization will be moticeable on a display or on a hard copy.

® RGB Color Space

The first candidate color space is the RGB color space. The RGB color space is a widely

used for image display, there are consists of three color components red, green, and blue. Which
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is called “additive primaries” since a color in RGB space is produced by adding them together.
However, the RGB space is not perceptually uniform. As such, the proximity of colors in RGB
color space does not indicate color similarity. Since RGB is complete, other complete color

spaces are generated by transforming RGB using T, which is not necessarily a linear transform.

® Linear Transforms Color Spaces

Several linear color transformations are in wide use for representing, transmitting and
broadcasting color image and videos [69]. Many of these transforms are computed by simple

matrix multiplication.

OPP color space: the opponent color space (OPP) is obtained by linear transformation of
the RGB color space [70]. There is evidence that human color vision uses an opponent-color
model by which the responses of the R, G, and B cones are combined into two opponent color

pathways. The transformation from RGB to OPP is obtained by w_ = TCOPPvc, where

1 1 1
TCOPP =]|-1 =1 2 s (3.1)
1 —-2-1

The advantage with the OPP color space is that it is obtained easily by TCOPP. The disadvantages
are that it is not uniform or natural. The color distance in OPP color space does not provide a
robust measure of color dissimilarity. One component of OPP is a luminance channel. The two
chrominance channels do no correspond to hue an.d saturation,. but rather to, blue vs. yellow and

red vs. green.

Linear color transforms standards: the YIQ, YUV, and YCrCb linear color transforms
have been adopted in recent color picture system. Each of these produces a linear transform for
RGB which generates one luminance channel and two chrominance channels. The
transformations were designed specifically to the parameters of the expected display devices: YIQ
NTSC color television, YUV PAL and SECAM color television, and YCrCb color computer
display. None of these color spaces is uniform. As such, the color distances in these transform

color spaces do not correspond to color dissimilarities.

YIQ color transform: the YIQ color space was developed for the NTSC composite color

TV standard [71]. The transformation from RGB to YIQ is obtained by w = TCOPPvc, where

0.299 0587 0.114
TY¢ = 10596 —0.274 —0322
0211 —0.528 0.312
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YCrCbh color transform: the YcrCb color space is used in the JPEG digital image

standard. The transformation from RGB to YCrCb is obtained by w =T, coppvc, where

0299 0587 0.114
TOPP —|_0.147 —0.289 0.436 |5 (33)
0.615 —0.515 —0.100

® CIE Color Spaces

Towards the goal of deriving uniform color spaces, the CIE * in 1976 defined the CIE
1976 (L*u*v*) and CIE 1976 (L*a*b*) color spaces [73]. These are generated by transforming
the RGB color space first by linear transformation to the XYZ color space followed by one of two
nonlinear transformations: to CIE 1976 (L*u*v*) color space or to CIE 1976 (L*a*b*) color
space. The first linear transformation between RGB and XYZis given by
X 0.290 0310 0.200}[R
Y|=10.177 0.813 0.011}|G] > 34
0.000 0.010 0.990
The nonlinear transformations from XYZ to CIE 1976 (L*a*b*) and CIE 1976 (L*u*v*) are

given in [73]. “A” which is determined by relation to a nominally white object color stimulus

gives the tri-stimulus values X, ¥,, Z,. In this case, the lightness is given by

1/3

L =116 (—) ~16 3.5)
Yr

The values for u, vand a, b are given as follows:

CIE 1976 (L*u*v*):
u=13L"(w —uyp) )
v =13L'(v' —vp) ° 36)
where , 4X , 4X,
WS X F15Y +3Z ™ X, + 15Y, + 3Z,
, 9y ox, 3.7)
v

=X+ 15Y +32°" ~ X. + 15Y. + 3Z.
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The color distance between two color stimuli is calculated from
AEL, = [(AL)? + (Au")? + (Av*)4]Y/? (3.8)
CIE 1976 (L*a*b¥):
[ X 1/3 Y 1/3
=50~ (2)"]
| n Yn

b* =200 L(—;—::)I/S - (ZZ:)I/B] s (3.9

The color distance between two color stimuli is calculated from:
AEZ, = [(AL)? + (Aa")? + (Ab*)1V/2, (3.10)

The CIE color spaces represent with equal emphasis, three color variants that best
perceptually characterize color: hue, lightness and saturation. However, the CIE color spaces are
inconvenient due to the necessary non-linearity in forward and reverse transformations with RGB

space.

® HSYV Color Space

Another form of the hue, lightness and saturation transform from RGB to HSV is given
in [69]. The transform to HSV is non-linear, but it is easily invertible. The HSV color space is
natural and approximately perceptually uniform. Therefore, we can define a quantization Q, of
HSV to produce a collection of colors that is also compact and complete. The HSV
transformation T, from RGB to HSV is accomplished though the following equations [69]: let the
color triple v_ = (r, g, b) be the to a color point in RGB space and let’s w, = (&, s, v) be the to the
transformed color point in HSV color space, such that w, = T(v,) , then the convergence

formulas are as follows:

1
[ H®R-©+®-B1 | b

H = cos™
 lV®-607Z+R-BYE-B)
S—1——3——[ in(R,G, B)] (3'12)
=l r¥G+pmmnm e ‘

1
V=-§(R+G+B) , (3.13)
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® YUYV Color Space

Different colors spaces are better for different application for example some equipment
has limited factors that decide the size and type of color space that can be used. Some color
spaces are perceptually linear, i.e. a one-unit change in stimulus will produce the same change in
perception wherever it is applied. Many color spaces, particularly in computer graphics, are not
linear in this way. Among these color spaces, the YUV color space is bit unusual. The vast
majority of DVDs already store information in the YUV color space. The Y component decides
the brightness of the color (referred to as luminance or luma), while the U and V range from -0.5
t0 0.5 (or -128 to 127 in signed digital form representation, or 0 to 255 in unsigned form). Some
standards moreover limit the ranges, so the out-of-bounds values indicate special information like
synchronization. Since the human eye is much responsive to brightness than it is to color, many
loss image compression formats throw away half or more of the sa;nple .in the Chroma channel to
reduce the amount of data to deal with, without severely destroying the image quality. Therefore,
only the Y component has used for our preliminary study. There are a lot of slightly different
formulas to convert between YUV and RGB. The only major difference is a few decimal places.
The following equations are used to convert from RGB color space to YUV spaces:

Y] [16 0.257 0504  0.098 ][R
[U] = [128] + [—0.148 —-0.291 0.439 ] [g] § (3.14)
vV

128 0.439 0368 —0.071

3.1.3 Color Image Features Representing

Color is an important feature for image representation which is widely used in image
retrieval. Many researchers have used color feature to depict image contents for region matching,
semantic categorization, and similarity searches. However, the performance is poor for a CBIR
system, which has only used a color feature to search for similar images from a huge database.In
this proposed, we describe the global and local features of the color descriptor to obtain the color
features: the mean value and the standard deviation have been used to extract the global feature

from an image and the image bitmap as the local to describe the local characteristics of the image.
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® Global Feature Extraction

Each image in an imagc database may be different from all others, but at the same time
all images may share certain common characteristics. Hence, we need the statistical description of
images to capture these common characteristics and use them to represent an image with fewer
bits. The color distribution of pixels in an image contains sufficient information. The mean value
of pixel colors states the principal colors of the image, and the standard deviation of pixel colors
can depict the variation of pixel colors [74]. The variation degree of pixel colors in an image is
called the color complexity of the image. We can use these two features to represent the global

properties of an image.

In the proposed, each pixel of a color image is represented by a vector

Xi
P, B [yl] , (3.15)
Z;

Where P, is the ith pixel of the image, 1 <i= M, the size of the image is M and the components

of P, are the color space components of the color image.

The mean value (i) and the standard deviation () of the color image are determined as

follows:
1
- _MZ 52 1 (3.16)

» 1/2
| ey
o= [M — 1;(& ©w ] , (317

where ft = [uX, uy, ,uZ] Tand o = [0X,0Y,0Z]T, each component of y and ¢ indicates the

color space information, respectively.

@ Local Feature Extraction

In addition of the global property of an image, the local color properties in an image play
also an important role to improve the retrieval performance. Hence, a feature called image binary

bitmap can be used to capture the local color information of an image. The basic concept of image
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binary bitmap comes from the block truncation coding [75], which is a relatively simple image
coding technique and has been successfully employed in many image processing applications.
There are three steps to generate the image binary bitmap. This method first divides an image into
several non-overlapping blocks. Let B; = {by, by, ..., by} be the jith block of the image, where 1
<j> m; k represents the total number of pixels in the block, an m is the total number of blocks in
the image. The second step is to compute the mean value for each block. Let Hs; be the mean

value of the block B s which is defined as follows:

k
1
Hs; = EZ bi (3.18)

i=1
Where [ig ;= [MX Bjr uYp i uz Bj]Tand the components of Up ; are the color space components.
The final step ié the scheme to compare each pixel of the block with the mean value of the block
-3 and summarized the normalized value of each block to determine the characterization of the
block Bj for generating the image binary bitmap. Let I = [IX,IY, 1Z]" be the image binary
bitmap. Each componment in I is ecxpressed as [X = [IXy,1X5, ... 1Xn]
Iy = [1Yy, 1Yy, ..., 1Y) , and IZ = [1Z,,1Z;,...,1Z] , respectively. The entries are

represented by
1 ile > #XB
IX{ =17 WIS 3.19
J {0' otherwise (3.19)
1,ifY; = u¥p,
1y, = j
] {0» otherwise ’ (3.20)
1,ifZ; = uZg
1Z; =1, i, 3.21
J {0, otherwise @2

3.2 Texture Feature Extraction

3.2.1 Introduction to Texture
Although no formal definition of texture exists, there are several of intuit.ive properties of
texture, which are generally assumed to be true.[76]. Texture is a property in the area therefore its

definition must involve gray values in a spatial neighborhood. The size of the neighborhood
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depends on the texture type, or the size of the primitives defining the texture. Texture involves
also the spatial distribution of gray levels, therefore two-dimensional histograms or co-occurrence
matrices are reasonable texture analysis tools. There are several properties such as coarseness,
contrast, directionality, and smoothness, which play an important role in describing texture.
Coarseness measures texture scale (average size of regions that has the same intensity), contrast
measure vividness of tl_1e texture (depends on the variance of the gray-level histogram), and
directionality gives the eventual main direction of the image texture. Formulas to calculate these
attributes can be found in [77]. Texture analysis is important, since the texture is useful in various
applications such as automated inspection, medical image processing, remote sensing, defect
detection, and similarity evaluation. They include: recognition of image regions using texture
properties, known as texture classification, recognition of texture boundaries using texture
properties, known as texture segmentation, texture synthesis, and generation of texture from

known texture models.

3.2.2 Texture Attributes

Many applications in image processing and computer vision depend on texture images.
They use them for recognition of image regions and extracting image shapes using texture
properties, recognition of texture boundaries using texture properties, and generation of texture
images from texture models. Therefore, since there is no accepted mathematical definition for
texture, many different methods are proposed for computing texture. Among these methods, no
single method works best with all types of texture. Some common methods are used for texture
feature extraction such as statistical, model-based, and transform-based methods.

Model-based methods try to generate a model for the process that generates the texture.
To create a model, part of image model parameters are assumed according to some hypotheses,
and other model parameters are estimated so that the model works in the best way. Currently,
there are popular models as Markov models, fractals, and the multi-resolution autoregressive

features.
Transform-based model use the frequency content of the image to determine texture
features. These methods aim to represent images in mathematical models. For example, Fourier

transform is used to describe the global frequency content of the image. It converts the signal into
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sine waves of various frequencies. Multi-resolution transforms such as wavelet and Gabor use a
window function to transform a signal to a shifter and scaled vision of the original signal. Texture
Descriptors in MPEG-7 is an ISO/IEC standard developed by Moving Picture Excerpts Group
(MPEG), which aims to create a standard for describing the content of multimedia data [78]. The
MPEG-7 has introduced three texture descriptors: homogeneous texture, texture browsing, and
edge histogram [79]. ﬁe homogeneous texture descriptor (HTD) provides a precise quantitative
description of a texture that can be used for search and retrieval [78, 79]. In order to obtain an
image signature, first the image is filtered with a bank of Gabor ﬁlters with five scales and six
orientations. The first and second moments of energy in the frequency bands are, then, used as the
components of the descriptor. The fexture browsing descriptor categorizes texture in terms of
regularity (highly regular, regular, slightly regular, irregular), coarseness (fine, medium, coarse
very coarse), and directionality (0°,30°,60°,90°, 120°,150") similar to a human
characterization. It can be used for browsing type of application, but it may not be appropriate for
similarity ranking. One possible scheme for similarity retrieval is the use of the texture browsing
descriptor to find a set of candidates and then use homogeneous texture descriptor to get a similar
ranking among the candidate images [78, 79]. The edge histogram descriptor (EHD) is
represented the spatial distribution of five type of edge, namely, four type of directional edge (i.e.,
horizontal, 45 diagonal, and 135 diagonal) and a non-directional edge (i.e., isotropic) are
considered [80]. It is useful for image-to-image matching, where underlying texture is not

homogeneous. More detailed description the method will be provided in the next section.

3.2.3 Texture Features Representing

Texture is an important attribute that refers to innate surface properties of an object and
their relationship to the surrounding environment. If we could choose appropriate texture
descriptors, the performance of the CBIR system should be improx.'ed. We use a gray level co-
occurrence matrix (GLCM) and the edge histogram descriptor (EHD),. which are simple and

effective method for representing texture feature.

® Gray-Level Co-occurrence Matrix
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Texture features based on the spatial co-occurrence of pixel values are probably the most
widely used in the analysis of remote sensed imagery. First proposed by Haralick in 1973, they
characterize texture using a variety of quantities derived from second-order image statistics. Co-
occurrence texture features are extracted from an image in two steps. First, the pair-wise spatial
co-occurrences of pixels separated by a particular angle and/or distance are tabulated using a gray
co-occurrence matrix (GLCM). Second, the GLCM is used to compute a set of scalar quantities
that characterize different aspects of the underlying texture. While "these quantities can be
interpreted using intuitive notions of texture, their main benefit is providing a quantitative
description that can be used for image analysis, such as forming a high-dimensional feature vector

to support content retrieval.

In the following, we will use {I (x,»),0<x<N,-1,0<y<N,~— 1} to denote an
image with G gray levels. The G x G gray level co-occurrence matrix Pg for a displacement
vector d = ( dx, dy) and direction 0 is defined as follows. The element ( , j) of Pg is the number
of occurrences of the pair of gray levels i and j which the distance between i and j following

direction @ is d.
PI(i, /) = #{((r,5),(t,v)):1(r,s) = i, 1(t,v)| = j} (4.19)

Where (7,5),(t,v) € Ny XN,; (t,v)=(r+dx,s+ dy)and # denotes the number of
occurrences inside the window, with m, y and j the intensity levels of the first pixel and the

second pixel at positions (x,, y,) and (x, y,), respectively.

olt1i0}2 ”2 113 016 }oos |ozs] o
[ 2 1 4 / 2 14 1] O 9.16 Q08| © | [+3
311 KO 0]1]0H1 | o Jooa| o jaocs
A€ sy [o]|1]o}o o ool e ] o
4 x 4 image GLCM ' Nomalized GLCM

Figure 3.1: GLCM of a 4 x 4 image for distance d = 1 and direction 6 = 0

Figure 3.1 shows the co-occurrence matrix Pg with distance d = 1 and the direction is

horizontal(# = 0). This relationship (d = 1,8 = 0) is nearest horizontal neighbor. There will
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be (N, = 1) neighboring resolution cell pairs for each row and there are N rows providing
R = (Ny — 1) X N,, nearest horizontal pairs. The co-occurrence matrix can be normalized by

dividing each of its entries by R.

In addition, there are also co-occurrence matrix for the vertical direction (6 = 90) and
both diagonal directions(8 = 45,135) . If the direction from bottom to top and from left to right
is considered, there will be eight directions (0, 45, 90, 135, 180, 225, 270, 315) (Figure 3.2). In
order to simplify and reduce the computational effort, we computed the GLCM according to one

direction (i.e., @ = 0) with a given distance d (=1) .

135 | 90 45

180« > 0

225 | 270 | 315

Figure 3.2: Eight directions of adjacency

While GLCMs provide a quantitative description of a spatial pattern, they are too
unwieldy for practical image analysis. Haralick has thus proposed a set of scalar quantities for
summarizing the information contained in a GLCM. He originally pro;_)osed a total of 14
quantities, or features; however, typically only a subset of these is used. The following five
GLCM derived features are described: angular second moment (ASM), contrast, inverse different

moment (IDM), entropy, and correlation.

The angular second moment (ASM) is known as uniformity or energy. It measures the

uniformly of an image. When pixels are very similar, the ASM value will be large.

ASM = Z Z PagGi)? (4.20)

i=0 j=0

It will have a larger value when the co-occurrence frequencies I(t, v) are concentrated in a few
places in the GLCM. This often occurs along the diagonal of a constant image or off diagonal for
structured images. A near random or noisy image will have an evenly distributed GLCM with a

low ASM.
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The contrast feature is a measure of intensity or gray-level variability between the
reference pixel and its neighbor. In the visual perception of the real world, contrast is determined

by the difference in the color and brightness of the object and other objects within the same field

of view.
Ng—-1 Ng-1Ng—1
contrast = Z n? Z Z Pyg(i,j) t »wheren=]i—j| (4.21)
n=0 .. i=0 j=0

Where i and j are equal, the cell is on the diagonal and i — j = 0. These values represent pixel
entirely similar to their neighbor, so they are given a weight of 0. If / and j differ by 1, there is a
small contrast, and the weight is 1. If i and j differ by 2, the contrast is increasing and the weight

is 4. The weights continue to increase exponentially as (i — j) increases.

The inverse difference moment (IDM) is usually called homogeneity that measures the
local homogeneity of an image. IDM feature obtdins the measures of the closeness of the

distribution of the GLCM elements to the GLCM diagonal.
Ng—1Ng-1

1 .
DM = Y e Pl i) 4.22)
Lo’ Lk’ 1AL I)? a0(0.])
i=0 j=0
IDM weight value is the inverse of the contrast weight, with weights decreasing exponentially

away from the diagonal.

The entropy feature is a difficult term to define. The concept comes from
thermodynamics; it refers to the quantity of energy that is permanently lost to heat every time a
reaction or a physical transformation occurs. Entropy cannot be recovered to do useful work.

Because of this, the term can be understood as the amount of irremediable chaos or disorder. The

equation of entropy is:
Ng—1Ng-1
ENT = Z z Pd,B(i;j) lOg (Pd,ﬂ(i;j)) , (4.23)
i=0 j:o

The entropy is larger for an image with an evenly distributed GLCM. Thus, a near random or

noisy image will have larger entropy.
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The correlation feature shows the linear dependency of gray level values in the co-
occurrence matrix. It presents how a reference pixel is related to its neighbor, 0 is uncorrelated, 1

is perfectly correlated.

Ng—-1Ngy-1 i )i
l_ Ja—
COR = E Pyo(i,)) £ = 1) , (4.24)
£ . Ox0y
=0 j=0

Where i1y, it and 0y, 0),are the means and standard deviations of p, and p, .

Hx = z Z i. Pd,@(i:j) Uy = Z Z j. Pd,e(i:j) , (4.25)
Ng~1Ng—1 Ng—1Ng—1

g, = Z Z (l 7 #)ZPd,e(i,f) O'y = Z Z (] b #)ZPd,B(i:j) , (4.26)
=0 5 i=0 j=0

A texture feature vector for an image can be formed from the scalar features derived

GLCMs computed for different offsets.
® Edge Histogram Descriptors

Edge in an image is an important low-level feature, if can describe both shape and texture
feature, which are also essential elements for content-based image retrieval. One way to represent
such an important edge feature is the use of a histogram. The edge histogram in the image space
represents the frequency and the directionality of the brightness change in the image. The edge
histogram descriptor (EHD) [80] represents the distribution of the 5 type of edges in each local
area called a sub-image. As shown in Figure. 3.3, the sub-image is defined by dividing the image
space into 4 X4 non-overlapping blocks. Thus, the image partition always yields 16 equal-sized
sub-images regardless of the size of the original image. To characterize the sub-image, we then
generate a histogram of edge distribution for each sub-image. Edges in the sub-images are
categorized into 5 types: vertical, horizontal, 45-degree diagonal, i35—degree diagonal and non-
directional edges (figure. 3.4). Thus, the histogram for each sub-image represents the relative
frequency of occurrence of the 5 edge types in the corresponding s@-hage. As the results, it is

shown in figure. 3.4, each local histogram contains 5 bins. Each bin corresponds to one of 5 edge
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types. Since there are 16 sub-images in the image, a total of 5 X16 = 80 histogram bins is
required, (figure. 3.5). Note that each of the 80-histogram bins has its own semantics in terms of
location and edge type. For example, the bin for the horizontal type edge in the sub-image located
at (0, 0) in Figure 3.6 carries the information of the relative population of the horizontal edges in

the top-left local region of the image.

The semantics of the 1-D histogram bins form the normative part of the MPEG-7
standard descriptor. Specifically, starting from the sub-image at (0, 0) and ending at (3, 3), 16
sub-images are visited in the raster scan order and corresponding local histogram bins are
arranged accordingly. Within each sub-image, the edge types are arranged in the following order:
vertical, horizontal, 45-degree diagonal, 135-degree diagonal, and non-directional. Table 3.1
summarizes the complete semantics for the EHD with 80 histogram bins. Of course, each
histogram bin value should be normalized and quantized. For normalization, the number of edge

occurrences for each bin is divided by the total number of image-blocks in the sub-image.

Figure 3.3: Definition of sub-image and image-block.

@) vedtical edge b} horizontat edge

D

c} 45-degrea edge o) 135-degree edge  e) non-directional adges

Figure 3.4: Five types of edges.
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= N

Figure 3.6: D-array of 80 bins of EHD.

The image-block is a basic unit for extracting the edge information. That is, for each
image-block, we determine whether there is at least an edge and which edge is predominant.
When an edge exists, the predominant edge type among the 5 edge categories is also determined.
Then, the histogram value of the corresponding edge bin increases by one. Otherwise, for the
monotone region in the image, the image-block contains no Iedge. In this case, that particular
image-block does not contribute to any of the 5 edge bins. Consequently, each image-block is
classified into one of the 5 types of edge blocks or a non-edge block. Although the non-edge
blocks do contribute to any histogram bins, each histogram bin value is normalized by the total
number of image-blocks including the non-edge blocks. This implies that the summation of all
histogram bin values for each sub-image is less than or equal to 1. This, in turn, implies that the
information regarding non-edge distribution in the sub-image (smoothness) is also indirectly

considered in the EDH.
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Table 3.1: Semantics of local edge bins.

BinCounts[0] Vertical edge of sub-image at (0, 0)
BinCounts[1] Horizontal edge of sub-image at (0, 0)
BinCounts[2] 45-degree edge of sub-image at (0, 0)
BinCounts[3] 135-degree edge of sub-image at (0, 0)
BinCounts[4] Non-directional edge of sub-image at (0, 0)
BinCounts[5] Vertical edge of sub-image at (0, 1)
BinCounts[74] Non-directional edge of sub-image at (3, 2)
BinCounts[75] Vertical edge of sub-image at (3, 3)
BinCounts[76] Horizontal edge of sub-image at (3, 3)
BinCounts[77] 45-degree edge of sub-image at (3, 3)
BinCounts[78] 135-degree edge of sub-image at (3, 3)
BinCounts[79] Non-directional edge of sub-image at (3, 3)

3.3 Shape Feature Extraction
3.3.1 Introduction to Shape

The shape of an object is a binary image réprescnting the extent of objects. Shape
representation techniques used in similarity retrieval are generally characterized as being region-
based and boundary-based. The former considers the shape being composed of a set of two-
dimensional regions while the latter presents the shape by its outline. Region-based feature
vectors often result in shorter feature vectors and simpler matching algorithms. However,
generally they fail to produce efficient similarity retrieval. On the other hand, feature vectors
extracted from boundary-based representations provide a richer description of the shape. Unlike
the traditional classification, the appr.oaches of shape-based feature extraction and representation
are classified according to their processing.approaches. The figure 5.1 shows the hierarchy of the

classification of shape feature extraction approaches.
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Selecting a set of features from the shape representation to characterize an object for a
certain application is not easy, since one must take into consideration the variability of the shapes
and the specific characteristics of the application domain. Feature comparison can be understood
as a way of quantifying the similarity/dissimilarity between corresponding objects. This is a very
difficult problem since it tries to mimic the human perception of similarity between objects [81].
In addition, several shape features have been proposed in the literature for shape characterization
[82, 83]. Many of these techniques, however, cannot be used fo; conten't-Bﬁs'ed image retrieval
due to their complexity or because they lack a counterpart in the human visual system. Therefore,
techniques based on simple and visually meaningful shape features have been used in several

content-based retrieval systems [81].

Figure 3.7: An overview of shape description techniques
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3.3.2 Shape Attributes

Shape of the object is the characteristic surface configuration as represented by the
outline or contour. Shape recognition is one of the modes through which human perception of the
environment is executed. It is important in CBIR because it corresponds to region of interests in
images. Shape feature representations are categorized according to the techniques used. There are
boundary based and region based [84]. In region based techniques, all the pixels within a shape
are taken into account to obtain the shape repreéentation. Common region based methods use
moment descriptors to describe shapes. Region moment representation interprets a normalized
gray level image function as a probability density of a 2-D random variable. The first seven
invariant moment is derived from the second and third order normalized central moments,
because moments combine information across an entire object rather than providing information
just at a single boundary point, they capture some of the global properties missing from many
pure contour based representations. The contour based is very popular using for shape
representation. Contour based shape representation only exploits shape boundary information.
Simple contour based shape descriptors include area, perimeter, compactness, eccentricity,
elongation, and orientation. Complex boundary based descriptors.include Fourier descriptors, and
chain codes [85]. In our proposed system, we have considered a contour based shape
representation that three shape-invariant is obtained the features by Fourier descriptors derived

from the spectral transform on different shape signatures.

3.3.3 Shape Feature Representing

In general, shape descriptor is some set of numbers that are produced to describe a given
shape feature. A descriptor attempts to quantify shape in ways that agree with human intuition (or
task-specific requirements). Good retrieval accuracy requires a shape descriptor to be able to
effectively find perceptually similar shapes from a database. Usually, the descriptors are in the
form of vectors. Shape description should meet the following requirements: 1) the descriptor
should be as complete as 1;ossible to represent the content of the information items. 2) The
descriptor should be represented z;nd stored compactly. The size of descriptor vector must not be
too large. 3) The computation of the distance between descriptors should be simple; otherwise the

execution time would be too long.
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® Shape Signatures

The shape signature is any one-dimensional function representing two-dimensional areas.
Three shape signatures are considered in our case, these are centroid distance, complex
coordinated, and curvature signature which is derived from shape boundary coordinates. In the
following, we assume the shape boundary coordinates(x(t), y(t)), t=0,1,..,L — 1, have been

extracted in the preprocessing stage [86, 87].

A complex coordinate function is simply the complex number generated from the

boundary coordinates:
z(t) = x(t) + iy(¢t) (5.61)

In order to eliminate the effect of bias, we use the shifted coordinate function:

z(t) = [x(t) — x] + iy () — ¥ (5.62)

Where (x., ¥, )is the centroid of the shape, which is the average of the boundary coordinates

15 1
Xc =Z;x(t)' Ye = Z

This shift makes the shape representation invariant to translation.

~1
y(t) » (5.63)
t=0

The centroid distance function is expressed by the distance of the boundary point from

the centroid of the shape

r(t) = V(x(®) —x)* + /(1) - ¥e)* (5.64)
Due to the translation of centroid, which represents the position of the shape, from boundary
coordinates, the centroid distance representation is also invariant to translation.

A curvature ﬁqzction is a function of angular changes of a boundary tangent. The
curvature at a boundary can be defined as the differentiation of successive boundary angles
calculated in window w:

K@t)=60(t)—6(t—-1)., (5.65)

Where
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YO —yE—-w) (5.66)
x(t) —x(t—w)

6(t) =tan

® Fourier Descriptor-Based Feature

Fourier transformation on shape signatures is widely used for shape analysis. There are
also some recent attempts to exploit it for shape retrieval {88, 89]. The Fourier transformed
coefficients from the Fourier descriptors of the shape. These descriptions represent the shape of
the object in the frequency domain. The lower frequency descriptors contain information about
the general features of the shape, and the higher frequency descriptors contain information about
the finer details of the shape. Although the number of coefficients generates from the transform is
usually large, a subset of coefficients is enough to capture the overall features of the shape. The
very high frequency information describes the small details of the shape. It is not so helpful in
shape discrimination. Therefore, they can be ignored. As the result, the dimensions of the Fourier
descriptors used for indexing shapes are significantly reduced. So, the shape signatures are
described by the discrete Fourier transform (DFT), let’s: s(¢),t = 0,1, ..., L, is a sampling stage.

The discrete Fourier transform of s(t)is given by

o
.

N-1
1 —j2nnt
E — L3R O T () (5.67)
Uy Nzos(t)exp( 2 ) n=01,..,N—1

The coefficients u,, n=0,1,...,N — 1, are usually called Fourier descriptors (FD) of the
shape, denote as FD,, n=0,1,..,N—1.

Before applying Fourier transform on the shape signature, shape is first sampled by equal
arc length sampling to fix the number of points [90]. The equal arc length sampling method
selects candidate point spaced at equal are length along the shape boundary. The space between
two consecutive ca;ndidate points is given by P/K , where P is the perimeter of the shape boundary
and K is the total nuniber of candidate points. For each shape, we selected N = 28candidate

points with equal arc length space between them.
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In shape retrieval, user is only interested in the outline features of similar shapes, the
position, size and rotation of the shapes is not important. In order to make the model shape and
data shapes comparable, the shape representations must be invariant to translation, rotation and
scaling. Shape invariant is difficult to achieve under spatial domain, most invariance techniques
in spatial domain, especially rotation invariance techmiques, involve a large amount of
computation. However, shape invariance is easy to achieve for the FDs. All the three shape
signatures describe'x.ihin above mentioned are invariant under translation, therefore, the
corresponding FDs are also translation invariant. Rotation invariant of the FDs is also achieved by
ignoring the phase information and by taking only the magnitude values of the FDs.

For complex coordinated signature, all the N descriptors except the first one (DC
component) are needed to index the shape. The DC component depended only on the position of
the shape, it is not useful in describing shape this is discarded. Scale normalization is achieved by

dividing the magnitude value of all the other descriptors by the magnitude value of the second

descriptors. The invariant feature vector used to index the shape is given by

[FD,| |FDs|  |FDy_4]

I rpee , (5.68)
|FD,|"|FDy] |FD,|

fd=

For centroid distance signature and curvature signature, the function are real valued,
there are only N/2 different frequencies in the Fourier transform, therefore, only balf of the FDs is
needed to index the shape. Scale invariance is obtained by dividing the magnitude values of the

first haif of FDs by the DC component

|FD,| |FD,|  |FDyys]

= ey R 5.69
fd [lFDol'lFDol’ [FD,| ©69)
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3.4 Chapter Summary

In this chapter we presented the feature extraction of image to represent an image feature.
There are involved three different techniques to extract the features including color, texture, and
shape features. The color feature extraction, we used the global and local features of the color
image to obtain the suitable color space with retrieving images from the database. The mean value
and the standard deviation have been used to extract the global feature from an image and the
image bitmap as the local to describe the local characteristics of the image. The texture features
are extracted by the gray-level co-occurrence matrix and edge histogram descriptors. The gray
level co-occurrence matrix (GLCM) have been extracted the texture from the image and obtained
the texture features by statistical features. The edge histogram descriptors (EHD) are represented
the local edge distribution in the image following the MPEG-7 standard. For shape feature
extraction, a shape feature in accordance with human perception is not an easy task. Due to the
fact that human vision and perception are an extraordinary complicated system, it is to hope that
machine vision has a super excellent performance with small complexity. According to the shape
requirements for shape retrieval, the Fourier descriptors -have been proposed to represent the

shape feature.



Chapter 4

Feature Similarity and Indexing

4.1 Introduction

The similarity bemeen two images (represented by their feature values) is defined by a similarity
measure. Selection of similarity metrics has a flirect impact on the performance of content-based
image retrieval. The kind of the feature vectors selected determines the kind of measurement that
will 'be used to compare their similarity [89]. If the features extracted from the images are
presented as multi-dimensional points, the distance between corresponding multi-dimensional
points can be calculated. Euclidean distance is the most common metric used to measure the

distance between two points in multi-dimensional space [90].

For other kinds of features such as color histogram, Euclidean distance may not be an
ideal similarity metric or may not be compatible with the human perceived similarity. Histogram
intersection was proposed by Swain and Bllard [91] to find known objects within images using
color histograms. A number of other metric, such as Mahalanobis distance, Minkowski distance,
Earth Mover’s distance, and Proportional Transportation distance, have been proposed for

specific purposes.

In this thesis, we organized four experiments of the similarity indexing techniques: The
first of these is the color similarity indexing, which were used to obtain the best retrieval color
model. The second of matching technique is a texture similarity; this technique is used to find the
best retrieving images from database. The third of the technique, shape similarity between images
were used to retrieve relevance shape images, which according to the suitable shape requirements,
it proposed in the chapter 5. The fourth, the combination all of three feature similarity and

weighting to achieve the best retrieving scheme.
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4.2 Color

_The color similarity, we used two different measurements to evaluate the similarity,
which are the global and local features. For the global featuresSc,,#and o, we used the Euclidean
distance to calculate the similarity. On the other hand, the local featureS.;is used the Hamming
distance to evaluate the distance between the two bitmaps. After that, before the linear combining
of these two similarity values, the normalized information distance (NID) [92] are applied
tonormalize the value of each distance adjusted to the same level: the distance has a value

between 0 and 1.

For two images, the Hamming distance H used to evaluate the image bitmap similarity is

defined by

m 4 - m
H(BM%,BM?) = 3—:—— Z(Ix;"— IX#) + Z(Iy,-d —IY%)
0 Jj=1 j=1
+ Z(Iz;* —1z%) , ©.1)
j=1

H(BM%,BMY) — min{H(BM%, BM%)}

= , 6.2

WhereIdeis the jth component of the bitmap LX of the image dfrom the database and the IX f is
the jth component of the bitmap LX of the query image g . BM means the image bitmap feature of

both images. So, the distance similarity measurement of global color featureis formed as follows:

, (6.3)
B@.q) - f S -+ Y (oot
te(X,Y,2) tE(X,Y,Z)
Se1(d.q) = fnax{E @] , (64)
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Where g,and o,represent the mean value and standard deviation of the image from the database
d and the query image q in color space respectively. After that, we used the linear combination

between the local and global features to represent the distance of the color features(dcoi0r)-

4.3 Texture

The texture similarity, we used a linear f:ombination two simple and effective features,
tﬁ;;'e is the entropy del.'ived from the gray co-occurrence matrix and the edge histogram
descriptor. For similarity measure between the query image and the image in the database of the
entropy E,, we used the Euclidean distance and the Hamming distanceH, were used to evaluate
the distance between two edge histogram descriptors. Before the combination, there are always
normalized by the normalized information distance to adjust the value distance to the same level.

The Euclidean distance between two images with the entropy similarity can be defined by follow:

E.(d,q) = /(ENT4 — ENT9)? , (6.5)

For the normalized distance of the entropy is defined by -

Vo, Et(dl q) 1T min{Et(dl q)}
0= T e ) €9

Where ENT%and ENTY represents the entropy of the image from the database d and the query

image q respectively.

The Hamming distance between two images with the edge histogram descriptors can be defined

by follow:
79

H(d,q) = Z]EHD;’ —~ EHD| | ©.7)
=

For the normalized distance of the edge histogram descriptor can be defined as follows:

Ht(d’ q) - min{Ht(dl q)}
max{H.(d,q)}

) (6.8)

Se2 =
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Where EHD®and EHDY represents the edge histogram description of the image from the
database d and the query image ¢ respectively. In the end, the linear combination was used to

Es

combine all of two features to represent similarity of the texture feature(d¢extyre)-

4.4 Shape

The shape similarity, we described all of three shape invariant including the translation,
rotation, and scaling invariants: the location, rotation and scaling changing of the shape must not
affect the extracted features. The shape representation was used the Fourier descriptors derived
from the spectral transform on the shape signature. Other advantages of the FD method include
easy normalization and information preserving. So, the DC component was used to normalize the
Fourier descriptors to obtain the shape invariant likely the equation 5.68 and 5.69. After the
normalization, the shape indexing included by FD feature fd = [FD;, FD,, .., FDy] . The
similarity between a query shape ¢ and a database shape d is determined by the Euclidean

distance fd(d, q) between their FDs:

N

fd@d,@ = | (FDf ~FDE)"

i=1

6.7)

In addition, to adjust the distance the component of shape descriptors, the normalized
information distance was used after the linear the combination of them. That can be defined as

follows:

d _ fd(dr Q) - mln{fd(d, q)} (6.8)
shape = Tmax{fd(d, @}

4.5 Indexing Representing using the Combination Method

Indexing a database consists of building and utilizing secondary data structures relating
to the contents of the actual records in the database. These indices facilitate efficient retrieval of
the database records according to given queries. An index can be seen as an ordering of the

records in the database according to a group of attributes. In a database of people a simple
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example of an index would be a list where the people are ordered according to their height.
Another index could order the people according to their weight. In practical indices the different
attributes of records are usually combined. Some of the indexing methods partition the space to
which the database records belong while other methods operate directly on the records

themselves.

To achieve the efficiency of the retrieval system, we used a combination and weight
variation all of three feature including the color, texture and shape features to represent similarity

indexing, there are can be by follows:

SIM (d: q) =W X dcolor +we X dtexture + ws X dshape ? (6.9)

Where w,., w,and wgrepresents the weight of the color, texture, and shape respectively.

4.6 Proposed CBIR Methodology

The content—baseq image retrieval methodology in this system goes throughout the steps
shown in the block diagram Figure 6.1. The user enters a query image for which the system
extracts three features including color, texture, and shape features as explained in the previous
sections, the feature vectors of database images are previously extracted and stored. Using the
similarity metrics defined for color, texture, and shape, the similarity distances between the query
image and every image in the database are calculated according to Equation 6.9 and then are
sorted in ascending order. The first N similar target images (with a smallest distance value of the
query) are retrieved and shown to the user, where N is the number of the retrieved images

required by the user.
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Figure 4.1: Block diagram of proposed CBIR system

4.7 Chapter Summary

Descriptive view is obtained the feature similarity and indexing by a comparison a
suitable that those are proposed in the chapter 5. This Chapter, we organized three similarities of
the feature including color, texture, and shape; the color derived from a linear combination of the
global and local feature, the texture also derived from the linear combination of the entropy
measure randomness of the GLCM and the edge histogram descriptors, and the shape derived
from the normalized information distance of the Fourier descriptors. In addition, the goal of this
chapter is obtaining the indexing representation, we used the linear combination all of them

similarity and given weight variation to achieve higher retrieval experimental results in the next

chapter.



Chapter 5

Result and System Evaluation

In this chapter, we will present the evaluation of our proposed system that was introduced
in the previous chapter. We introduce the database we select to test our system, and we have
compared our system result with other already existing CBIR systems that most of them use the

same image database.

5.1 Image databases

The database we used in our evaluation is a SIMPLIcity project or WANG database [55].
The WANG database is an image database that the images are manually selected from the Corel
database. In WANG database, the images are divided into 10 classes, each class contains 100
images. It is widely used for testing CBIR systems. Classification of the image in the database
into 10 classes makes the evaluation of the system easy. Figure 5.1 shows one example image for

each class.

Class 1: Africans people
Class 2: Beaches

Class 3: Buildings

Class 4: Buses

Class 5: Dinosaurs
Class 6: Elephants

Class 7: Flowers

Class 8: Horses

Class 9: Mountains

Class 10: Foods

Figure 5.1: One example images from each of the 10 classes of WANG database.
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This database was created by the group of Professor James Wang from the Pennsylvania
State University. This database is free and available to download. It was used extensively to test
many CBIR systems. This popularity is because the size of the database and availability of class
information allows for performance evaluation. Sine this database is a subset of the Corel

database, the images are of size 384X256 or 256 X 384 pixels as well.

As we said before, we choose this database for many reasons. Many CBIR systems use
this database, so we can easily compare these results with our systems. This database contains
large images in different classes (100 images per class). Diversity in the images helps us to get
more results and enhance our system. Also, we can explain the results we get according to the
database that the number of images we get from testing and compare them with the images in the
database. The most interesting point is that the images are familiar to human, and they are very

friendly to us.

5.2 Implementation »Environment

Our proposed system is implemented using a Matlab image processing program of
version R2010a. We use a platform of Intel Core i7 Processing power of 2.10 GHz CPU with 8
GB RAM during the implementation. 1000 images went through the implemented system to
extract the features and stored them. The extracted features are used to find the similarity
indexing which stored in the image database with the feature descriptors in the offline zone that

the database now is already for testing and evaluating our proposed system.

5.3 Performance Evaluation of CBIR

When we want to evaluate a CBIR system, we may face some problems. One major
problem we face for CBIR system performance evaluation is that neither a standard database nor
a unique performance measure is available. There are many image databases that are used to
represent results for CBIR system. So, no standard image databases are available for CBIR
system. Therefore, it is impossible to compare the performance of different systems using

different image databases. Furthermore, the early CBIR systems were restricted their results.
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They presented one or more example queries, which are used to give a positive impression about
the efficiency of the system. This is neither a quantitative nor an objective measure that can be

used for system performance evaluation.

In CBIR, the most commonly used performance measures are Precision and Recall.
Precision gives information about the relative effectiveness of the retrieval scheme, which is
defined as the ratio of the number of retrieved relevant images to the total number of retrieved
images. Recall giving information about the absolute accuracy of the retrieval scheme, it defined
as the ratio of the number of retrieved relevant images to the total number of relevant images in

the database [93]. We denote to the precision by p and the recall by r , there are can be defined as

follows:
n,
Sl 71.2)
P N,

Where M is the total number of retrieved images, n,is the number of relevant correct images
retrieved, N, represents the total number of relevant images available in the database. It is
assumed that the user inspects the m first images of the ranked list. So, for every m = 1, 2, ....M,

precision p,,and the recall n,are calculated.

In CBIR, if the precision score is 1.0, this means that every image retrieved by a search is
relevant, but we do not know if the search retrieves all images relevant to the query. If the recall
score is 1.0, this means that all relevant images are retrieved by the search, be we do not know the

number of irrelevant images were also retrieved.

In classification task, a precision of score 1.0 for a class X means that every object
labeled as belonging to class X does indeed belong to class X, but we do not know the number of
objects from class X that were not labeled correctly. Also, a recall of score 1.0 for a class X means
that evcr); object from class X was labeled as belonging to X, but we do not know the number of

objects were also labeled as belonging to class X incorrectly. There is a trade-off between
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precision and recall. In search engine, for example, the user prefers to increase the number of
results relevant to the query by retrieving more documents. This will increase the recall. On the
other hand, the results will have a quite large number of irrelevant documents retrieved. This will

decrease the precision [95].

Usually, precision and recall scores are not discussed in isolation. Instead, either values
for one measure are compared to a fixed level at the other measure (e.g. Precision at a recall level
of 0.75) or both are combined into a single measure, such as a precision / recall graph. Precision-
recall pair is a good standard of performance evaluation. It provides meaningful result when the
database type is known and has been effectively used in some earlier research. For other data sets,
especially those that have been created by collecting user generated images, the result may vary
due to different hl_xman concepts of image classiﬂcaﬁon. Because the ground truth is known for
the whole database, every image in the database can be used as the query. For each query, the

precision of the retrieval at each level of the recall is obtained.

5.4 Image Retrieval Experiments

This section is the most important section of the thesis. Here, we test our proposed
system and show the results. We explain the results, comment on them, and compare our system

with other existing systems.

In this experiment, we organized as four experiments. The first one is the color feature
experimental, it is to compare efficient performance of the color space such as RGB, HSV, YUV,
YIQ, YCbCr, and L*a*b*, for retrieving images from the large database. The second is the
texture features, which is showing the effect of the standard statistical of texture feature with
retrieving images. The third is the shape feature that the shape descriptors derived from the
Fourier descriptors, there are also to obtain knowledge the effect of the shape feature on the
retrieving images from the general image database. The last one, it is a combination all of three
features and given weight variation to achieve a higher retrieval performance based on our

proposed system.In addition, to check retrieval effectiveness of the proposed system, we have to
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test it by selecting some images randomly and retrieve some images. Also, we have to calculate
the two performance evaluation metrics that are Precision and Recall. Finally, we compare our

proposed system with other existing systems and show the efficiency of the proposed system.

In each experimental of our proposed system, the evaluation of the retrieval precision is
performed ten category images were randomly selected from each specific category in the
database as query images and count the precision and recall separately after getting the return

result.

5.4.1 Experiment I

This section assesses the performance of content-based image retrieval in the six color
spaces (RGB, HSV, YUV, YIQ, YCbCr and L*a*b*) which is based on the global and local
features to measure their performance. In each color space experimental, the evaluation of the
retrieval precision is performed ten images were randomly selected from each specific category in
the database as query images. It can be also shown that it has the same good retrieval result in
most of the other images in the database if they are chosen as queries. The precision values of the

retrieval results for top 20retrieved corresponding images are given in Table 5.1.

Table 5.1:The precision values of the top 20 retrieved images different query images.

Category RGB HSV YUV YIQ | YCrCb | L*a*b*
Africa people and village 0.63 0.58 0.73 0.35 0.68 0.65
Beaches 0.73 0.45 0.53 0.33 0.55 0.61
Buildings 0.45 0.30 0.46 0.36 0.45 0.48
Buses 0.73 0.83 0.98 0.46 0.66 0.95
Dinosaurs 1.00 1.00 1.00 1.00 1.00 1.00
Elephants 0.75 0.60 0.75 0.38 0.67 0.70
Flowers 0.90 0.35 0.61 0.20 0.65 0.58
Horses 0.78 0.41 0.81 0.51 0.78 0.76
Mountain and glaciers 0.50 0.43 0.55 0.33 0.53 0.52
Foods 0.63 0.58 0.73 0.21 0.85 0.78
Average 0.71 0.55 0.72 0.41 0.68 0.70




57

As can be seen in Table 5.1, each color space can be affected for retrieving images from
database. It can be also shown that it has some good retrieval results for each image category with
any color space. But it cleared to know that the average precision of YUV color spacehas the
performance higher more than other color spaces and the YIQ losses than other color spaces to

retrieve the same image categories.

To further evaluate a comparison the color spaces with retrieving images, 20 images are
randomly selected as queries from the 10 semantic classes in the database for top 5, 10, 20,and 50
retrieved images from the database, for the precision of retrieval at each level of the recall is
obtained by gradually increasing the number of retrieved images. The performance comparison of

the color space retrieval results are averaged to give the final precision/recall chart of Figure 5.2.

1.1
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Figure 5.2: The average precision/recall chart of six color space system.

From figure 7.2, we notice that the YUV color space system has good precision result
then another color space over the different values of recall. The maximum average precision of 1
at recall value of 0.05, and the value decreases to 0.63 at 0.5 of recall. For the losses color space
is the YIQ, the maximum average precision of 1 at recall value of 0.05 and the value decreases to

0.53 at 0.5 of recall.
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5.4.2 Experiment II

This section presents an application of the gray level co-occuirence matrix (GLCM) and
edge histogram descriptors to texture-based similarity evaluation. Retrieval results of the texture
feature are also used with the same database that to evaluate the effect of texture feature for
retrieving images from general image database. For the texture feature representing, we used the
combination of entropy derived from the GLCM and edge histogram descriptors. In order to
calculate the performance, we used the approach as that of the experiment I. For each category in
the 1000 database images, we randomly selected 20 images as queries. Since we have 10
categories in the database, we have 200 query images. For each query, we examined the precision
of the retrieval based on the relevance of the semantic meaning between the query and the

retrieved images. The 200 retrieval results are averaged to give the final precision/recall chart of

figure 5.3
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Figure 5.3: The average precision/recall chart of a CBIR system based on texture feature.

From figure 5.3 it can be noted that the CBIR system based on texture feature is can

effected for retrieving images from general database, it also more effect over different recall
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levels, but there is losses performance than the color feature. It has a maximum average precision

of 0.86 at recall level of 0.05, this value decreases to 0.44 precision value at 0.5 of recall levels.
5.4.3 Experiment III

This section provides an important application for the proposed technique on content-
based image retrieval based on shape features, and assuming the effect of shape characteristics
.;e&ieving with the general image database. The shape representation Wwas used the Fourier
descriptors derived from the spectral transform on the shape signature. The experiments for shape
similarity evaluation were performed on the same database image with the randomly selected 20
images as queries from 10 image categories in the database. We also use the precision/recall
curve to evaluate the performance of CBIR based on shape feature using the same steps we used
in testing in the experiment I and experiment II. The average precision/recall curve for the CBIR

based on shape feature is shown in Figure 5.4.
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Figure 5.4: The average precision/recall chart of a CBIR system based on shape feature.

From figure 5.4, we notice that the CBIR system based on shape feature is also affected

for retrieving images from general database, but the performance is losses than the color and
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texture features based on our proposed approach. It has a maximum average precision of 0.81 at

recall level of 0.05, this value decreases to 0.41 precision value at 0.5 of recall level.
5.4.4 Experiment IV

Based on three experiments was mentioned above, some retrieval results of the image
category have losses performance for retrieving images from general image database. In this
section is very important of our approach because we have improved the efficiency of our
proposed CBIR using a combination all of three features and achieve a higher performance by
using weight variation. To show that based on our approach can be increase the efficiency and
accuracy of the retrieval results, we randomly selected images from 10 different semantic classes
in the database as queries. The responding of image, we used the top 20 retrieved images to
compute the precision and recall. For the efficiency and accuracy of our retrieval system is shown
in the Figure 5.5, which is weight variation depends on the best weight of the color feature. In this
case, we try given weight for experimentation to get the best weight. It is clear that the efficiency
and accuracy of refrieval scheme depended on the weight of color feature; the best weight of the
color feature is 70%. After that, the weight variations of texture and shape features were varied

seven times to achieve higher performance of the CBIR system.
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Figure 5.5: Precision values of retrieving images in each image category
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Figure 5.5 gives a crossover point of precision value of CBIR based on our method; it
depends on the weight variation. The weight of color feature distance was constant at 70% and
varied the weight of texture and shape feature distances from 30% to 0% and 0% to 30%
respectively. Based on that way, the higher performance was achieved when we set w_= 70%,
w,=20%, w, = 10%, there are the weight of the color, texture and shape feature distances. The
weight factor of color feature distance is higher t_han the weight factor of texture feature and shape
feature distance b!:cause the database was used to experiment with our system consists of most

natural images.

One traditional graph that describes the performance of the system is the Precision/Recall
graph. It provides a meaningful result when the database is known and has been used be some
earlier systems. We used the Precision/Recall graph to show the performance of our proposed
system. It also randomly selected 20 images from 10 different semantic classes in the database as
queries to calculate the precision and recall. For each image, the precision of retrieval result is

obtained increasing the number of retrieved images. Figure 5.6 shows the Precision/Recall graph.
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Figure 5.6: The average precision/recall chart of our proposed system
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From figure 5.6, we notice that the system has good precision results over the different
values of recall. The maximum average precision of 1 at recall value of 0.05, and the precision
value decreases a little to 0.74 at 0.5 of recall. For example, if a user submits a query image and
he want just 20 relevant images from 100 images retrieved by the system, the graph shows us that
the user will get 91 relevant images to the query image instead of 20 images. In other words, for
an average recall value of 20%, we have an average precision 91%. This means that we intend to
get 20% of the relevant images in the database and we ‘will get 91% of the retrieved images that

are relevant to the query image.

To further evaluate our proposed CBIR system, some images are randomly selected as
queries from different classes, namely Flowers, Dinosaurs, Buses, Horses, Elephants, and Foods.
Each query returns the top 50 images from database. The first test is selecting a random image
from the Buses class. We submit the image to the system and retrieve the top 50 images that are
similar to the query image; it can be seen from Figure 5.7 that the most of retrieved images

belonged to the same class at top 5 to 40. When the corresponding images increase to 50, the-

retrieved images are a bit incorrect.

Figure 5.7: Buses Query, the top 50 retrieved images

Figure 5.8 shows another query image and its result. This is a second test for the system.

We select an image randomly from the Dinosaurs class and all images retrieved by the system are
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relevant to the query image. Notice that the retrieved images are belonging to the same class of

the query image.

Figure 5.8: Dinosaurs Query, the top 50 retrieved images

We also selected randomness image from Flowers class at third test. We submit the
image and retrieve 50 images similar to the query image. Figure 5.9 shows the result of retrie\}ing
images similar to the query image. As we can see from Figure 5.9, all the images are similar to

the query image and belong to the same class.

Figure 5.9: Flowers Query, the top 50 retrieved images
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For the next test and final test, it shows in the Figure 5.10 and Figure 5.11. We can be noticed that
when the retrieved images increases some images do indeed belong to the class, but the other
images are not. The system retrieves the incorrect images because they are similar to the query

image in their color.

Figure 5.11: Foods Query, the top 50 retrieved images

5.5 Comparison with Other Systems

In this section, we present some earlier CBIR systems’ results and compare them with

our proposed system. The existing systems we chose for comparison use visual feature to
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represent images, and they also use the WANG database to evaluate their proposed systems. To
evaluate our proposed system, we also randomly selected images from 10 different semantic
classes in the database to be a query image and submit it to the system with the same case of
retrieved images. We calculate the Precisions for each query in all classes. Then for each class we
take the average of all calculated precisions at top 20 retrieved images which are shown in the

Table 5.2.

The result of this study is compared against the performance of the existing system. The
first system is a user-oriented image retrieval system based on an interactive genetic algorithm
proposed by Chin Lai and Ying-Chuan Chen [74], which the color attributes, the entropy based
on the gray level co-occurrence matrix and the edge histogram of an image are combined to
represent the similarity measure and applied the intel;activc genetic algorithm to achieve better
retrieval efficiency of the retrieval system. The second one is content based image retrieval using
color, texture and shape features proposed by P.S. Hiremath and J. Pujari [94], which the local
color, the texture descriptors in a coarse segmentation framework of grids, and the shape
descriptors in terms invariant moments computed on the edge image were used to achieve the

performance of the system.

Table 5.2: Comparison of Precision of the Proposed System with Previously Existing Systems.

Chin Lai and Y. P.S. HiremathandJ.
Category Proposed System
Chuan Chen Pujari
Africa people and village 0.61 0.48 0.90
Beaches 0.93 0.34 0.90
Buildings 0.85 0.36 0.85
Buses 0.71 0.61 1.00
Dinosaurs 1.00 0.95 1.00
Elephants 0.80 0.48 0.90
Flowers 0.82 0.65 1.00
Horses 0.79 0.70 1.00
Mountain and glaciers 0.56 0.40 0.70
Foods 0.99 0.50 0.85
Average 0.80 0.55 0.91
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In the Table 5.2 shows that most of the image classes and the average precision of our

proposed system perform significantly better than other systems. Exceptionally, there are some

image classes does not increase and losses likely the case of “Buses” and “Foods” categories, the

performance of our approach is slightly inferior to that obtained in the Chin Lai and Ying-Chuan

Chen [74]. This is because their feature sets derived from the interactive genetic algorithm to

achieve better performance, which lets the user evaluate the retrieved images as more or less

relevant to the query one.

Figure 5.12 shows the comparison of our proposed system with other system. We

represent the precision value of each system for each class using the value from Table 5.2 by a

vertical bar. We can see that our proposed system outperforms other existing systems, over most

classes, that use the low-level visual features to represent the images and also they use the same

database for evaluation.
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Figure 5.12: Comparison of Precision of the proposed system with previously existed systems.

In addition, we have a comparison our proposed system with the Precision/Recall graph

of four experiments to ensure that based on our proposed approach; the combination all of three

features including color, texture, and shape features to represent the similarity of the image and
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the weight variations to achieve higher performance. It can be concluded that our system works

well, which shows in the Figure 5.13.
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Figure 5.13: Comparison of Precision/Recall of the proposed system with any experiments.

7.6 Chapter Summary

This chapter presented an evaluation of our proposed system that we introduced the
database to experiment with our approach. The weight variation technique was proposed to obtain
the higher performance for retrieving images based on reduce semantic gap between user and
machine. The performance is measured in the term of precision and recall and we organizing four
experimental to ensure that our proposed system performed significantly better than other
systems. In addition, we compared our system results with other already existing CBIR systems
that most of them use the same image database. As a conclusion, the results show that our

proposed system works well compared with other existing systems.



Chapter 6

Conclusion and Future Prospects.

In this Chapter, we will present a summary of our work, talking about the contribution
we have achieved and a conclusion for the work. We also present some recommendation and

future works.

6.1 Conclusion

Nowadays, the content-based image retrieval is an active research area in the image
processing field. Many researches have been done to develop some algorithms_that solve some
problems and achieve the efficiency, accuracy when retrieving images and distinguishing between
them. Many proposed algorithms use images to extract features and use their features for
similarity matching. However, the CBIR is a challenging method of capturing relevant images
from a large storage space. Although this area has been explored for decades, no technique has
achieved the accuracy of human visual perception in distinguishing images. Whatever, the size
and content of the image database enables human being to easily recognize images of the same

category.

The goal of this thesis has been to give an overview of the content-based image retrieval
process while mainly focusing on reducing the “semantic gap” between low-level image features
and the richness of human semantics and enhancing the efficiency and accuracy of the CBIR
system. In the thesis, two contributions have been presented: the first one is related to low-level
features including color, texture and shape features analyzed and the second one is an analysis of
the experimental results by using combination multiple low-level visual features with each feature

being weighted differently according to its ability to describe the content of the images.

The first contribution of the thesis concerns on low-level visual feature analysis and
feature retrieval including color, texture, and shape features. The color features are extracted from

the global characteristic of an image such as the mean value and standard deviation, and the
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image bitmap is represented to the local feature, those are obtained to compare the efficiency of
the color spaces for retrieving images from general database. The texture features are extracted
from the entropy based on the Gray Level Co-occurrence Matrix (GLCM) and the edge histogram
descriptorsto obtain the efficiency of the texture feature in the experimental results. The shape
feature are extracted by the Fourier descriptors derived from the spectral transform on the shape
signature to represent three shape invariant; translation, rotation, and scaling invariants. While

applying this technique to extract the features from images, it was noticed that the results obtained

correspond to visual perception.

The second contribution is obtained from a set of human perception experiments which
has been designed and conducted to gain insight into human perception of similar images by the
linear combination of all three features and weight variations. The combining descriptors are
necessary to get a better retrieval performance and the weight variation is obtained more efficient

for the retrieval scheme.

In this work used WANG database that is widely used ;n CBIR. This @@&e contains
1000 images divided into 10 classes where there are 100 images for each class. Images in the
database are friendly and used for evaluating many CBIR systems. We use it to evaluate the
performance of our system by calculating the Precision and Recall metrics. In experimental
results of all phases, after combination three features, the weight variation is varied to achieve
higher retrieval efficiency. It can be concluded that the retrieval performance is depended on the
color feature weight 70%, 20% of texture feature weight and 10% of shape feature weight. In
addition, we also compared our proposed system with other existing CBIR systems that use the
same database, our approach had better than the performance of existing systems such as Chin Lai

and Ying-Chuan Chen [74], and P.S. Hiremath and J. Pujari [94].

In this thesis a combination of color, texture and shape features have been used for
content-based image retrieval with the case of the general image database. Therefore, the retrieval

performance depends on the weight of the color feature. If this algorithm is applied to other
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databases that are not general image databases, the retrieval performance may be not depended on

the weight of the color feature.

6.2 Future Prospects

The approach taken in this thesis and results obtained have generated ideas for new
directions and improvements to this research. Possible improvements and further studies on the

proposed methods are addressed below:

® To obtain the human perception, the corresponding time for retrieving images would
be described and optimized corresponding time by incorporating such as image classification or
image clus‘tering.

® To further improve the retrieval reéults, the texture and shape analysis would be found

the possible features for comparing them to get the best algorithm before a combination features.
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Abstract—The content-based image retrieval (CBIR) field
has been actively studied in the several decades. Most
research has to find a techmique to measure the
performance for retrieving more similar image from the
digital image databases such as color descriptor, texture
descriptor, edge histogram, sharp, etc. In this paper, we
proposed the color attributes like the mean value, the
standard deviation, and image bitmap of color space to
represent the characteristics of the image retrieval. In
addition we have to use the characteristics of them for
comparison the performance of the color model such as
RGB, HSV, YUYV, YIQ, YCbCr, and L*a*b* color spaces
to get the best color model for relevant retrieved images.
Furthermore, An experimental results of our scheme
indicated performance of each color space can be retrieved
what the type of image.

Keywords-component; Content-based image retrieval (CBIR),
Image bitmap, Color distribution, RGB, HSV, YUV, YIQ, YCbCr,
L*a*b*

I. INTRODUCTION

The image retrieval system is a computer system for
searching, browsing, and retrieving images from a large
database of digital images. Since the primary goal of the
content-based image retrieval (CBIR) system is to construct
meaningful descriptions of physical attributes from images to
facilitate efficient and effective retrieval. Furthermore, a
technique which uses visual contents to search images has
been an active and a fast advancing research area since the
1990s.

The CBIR system have progressed in four major directions
such as global image properties based, region-level feature
based, relevance feedback, and semantic based [1],[2]. Some
of them have to develop algorithms exploit the low-level
features of the image such as color, texture, edge, and shape of
an object to help retrieve images. In this paper, we compare
the performance of color space for Content-Based Image
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Retrieval. The color space of color image has to consider six
colormodels such as RGB, HSV, YUV, YIQ, YCiC,, and
L*a*b*, color models are also compared their performance
with color attribute and image bitmap features to retrieve
images from database. In the next section, we provide a
review of related works about CBIR. Then, section III
consider a color space or color model and the component of
each colormodels. The proposed method to measure the
similarity of images is presented in section IV. Section V
shows the experimental results and provides comparative
performances. Finally, section V is conclusion.

II. RELATED WORKS

The color space is an important feature for perceptual
object recognition and classification of images. It has been
used in CBIR in conjunction with texture, shape, and structure
for retrieving images. Color information is represented as
points in three-dimensional color spaces (such as RGB, HSV,
YIQ, L*u*v*, L*a*b* [3],[4]). Some of them are hardware-
oriented the devices used to reproduce colors. Others are used-
inspired ( e.g., L*u*v¥ L*a*b* ) as they were defined to
quantify color differences as perceived by humans. The
signature-based color-spatial image retrieval system has been
proposed by Yoo[5]. Color and the spatial distribution within
the image are used for the features. In [6], a CBIR scheme
based on the global and local color distribution and in an image
is presented. The scheme has to use their method with RGB
color space to query image and saved a total memory space.
“Vadivelet al.[7]” have introduced an integrated approach for
capturing spatial variation of both color and intensity levels and
shows its usefulness in image retrieval application. In addition,
a color space features has been used conjunction with many
methods for relevant image query from the large database
image. “Chun ef al. [8]” proposed a CBIR method based on an
efficient combination of multiresolution color and texture
features.As its oolorfeatures, color correlograms of the hue and
saturation component images in HSV color space are used.“Ji-
quan ma et al [9]” proposed a CBIR system by using HSV
color space and wavelet transform approach for feature



extraction.In [10], a L*a*b* color space-used to generate a new
method for image analysis, matching, and retrieval. In [11], the
Block Truncation Coding (BTC) represent a technique to
retrieved iamgs from databases. The result showed that BTC
could not be used for color image compression only, BTC also
could be used for Content Base Image Retrieval .

HI. IMAGEFEATURES

The images in database might be difference from all the
others, conversely all images might share certainly common
characteristics. Hence, we need the statistical description of
images to capture common characteristics and use represent an
image with fewer bits. This section is to present a briefly
review about the color space to retrieve images .

A. The RGB color space

RGB color space is a widely used for image display. RGB
consists of three color components red, green, and blue. which
is called "additive primaries" since a color in RGB space is
produced by adding them together. However, a major drawback
of'the RGB space is senseless[4].

B. The HSV color space

HSV color space is widely used in computer graphics and
is a more intuitive way of describing color. The three color
components are hue, saturation (lightness) and value
(brightness), HSV is commonly used in image retrieval
systems [12]. Hue component is used to distinguish colors,
whereas saturation gives a measure of the percentage of white
light added to a pure color.

C. The YUV color space

YUV color space is used by the PAL (Phase Alternation
Line), NTSC (National Television System Committee), and
SECAM (Sequential Couleur Avec Memoire or Sequential
Color with Memory) composite color video standards [13].
The black-and-white system used only Iluminance (Y)
information; color information (U and V) was added in such a
way that a normal black-and-white picture. Color receivers
decoded the additional color information to display a color
picture.

D. The YIQ color space

YIQ color space is derived from the YUV color space and
is optionally used by the NTSC composite color video
standard [14]. The I stands for “in-phase” and the Q for
“quadrature” which is the modulation method used to transmit
the color information.

E. The YCbCr color space

The YCbCr color space was developed as part of ITU-R
BT.601 during the development of a world-wide digital
component video standard {15]. The Y in YCbCr denotes the
luminance component, and Cb and Cr represent the
chrominance factors. The difference between YCbCr and
RGB is that the first represents color as brightness and two
color difference signal, while the second represent color as
red, green, and blue.
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F. The L*a*b* color space

The L*a*b* color space is the most one com‘m%nly used
color spaces and is modeled based on the human vision system
[16]. The L component in the L*a*b* color space corresponds
to brightness ranging from 0 (black) to 100 (white), the a
component corresponds to the measurement of redness(positive
values) or greenness (negative values), and the bcomponent
corresponds to the measurement of yellowness (positive
values) or blueness (negative values).

IV. THEPROPOSED METHOD

This paper uses two features, the color distribution and the
image bitmap of an image to represent the similarity between
image.

A. The color distribution feature

The color distribution of pixels in an image contains
sufficient information. The mean value of pixel colors states
the principal color of the image, and the standard deviation of
pixel colors can depict the variation of pixel colors [17]. The
variation degree of pixel colors in an image is called the color
complexity of the image. In the propose scheme, we supposed
the P, represent the color space component of the color image.
The mean (i) and the standard deviation () of a color image
are defined as follows:

;
u= HZ P, and m
i=1
1/2
1 < ,
o= —M-1Z(”“") @
i=

Where u = [pX,uY,pZ]" and o = [0X,0Y,0Z]T the
components of y and o are the color space components. The
mean value and the standard deviation are the global feature of
the image that depicts the global characteristics of the images.
For the purpose of enhancing the retrieval accuracy, this paper
adopts image bitmap as the local to describe the local
characteristics of the image.

B. The image bitmap feature

In the first step to generate the image bitmap, the scheme
divides the image into several non overlapping blocks [18].
Let B;= {b,,bs . . .,bi} be the jth block of the image, where 1
< j <m. The symbol £ is the total number of pixels in the
block, and m is the total number of blocks in the image. In the
second step, the scheme computes the mean value for each
block. Let s, be the mean value of the block B; that is

computed using the expression

I‘lBl = (3)

k
;bi.

T
Where Hg; = [”-XBI-”YB]J‘ZBI] and ‘the components of
Ug, are the color space components. In the third step, the

=



| scheme compares the mean values of the block up ’ with the

mean value of the image y to determine the characterization of
the block B; for generating the image bitmap. Let I =
[1X,1Y,1Z]T be the image bitmap. Each component in I is
expressed as IX = [IXy, IX, ... IX,], IY = [IYy, 1Y, ...I¥y),and

1Z = [1Z,,1Z, ..1Z,,] , respectively. The entries are
represented by
5=, caerwion g
=5 perwie ®
= (> ®

C. The similarity measure of the features

In the experiment system, we use two different
measurements to evaluate the similarity which are the global
features and the local features. For the global features, i and o,
the scheme uses Euclidean distance to calculate the similarity.
On the other hand, the local feature is used the Hamming
distance to evaluate the distance between the two bitmaps.
After that, the overall similarity is obtained by linearly
combining of these two similarity values.

For two images, the Hamming distance H used to evaluate
the image bitmap similarity is defined by

m m
H(BM®,BMY) = Z(lx;’ —IX}) +Z(1yj“ S
j=1 j=1

m
+ Z(IZ;’ —12) )
j=1
Where Ide is the jth component of the bitmap LX of image
d from the database and the IX;’ is the jth component of the

bitmap IX of the query image q. BM means the image bitmap
feature of both images. Finally, the similarity measure is
formed as follows:

SIM(d, q) = j Z

(it -+ (o)
te(XY,2) te(X.Y.Z)
H(BM®, BM9)

3Xm

®

Where p; and o, represent the normalized mean value
and standard deviation of the image from the database d and
the query image ¢ in color space respectively.

V. EXPERIMENTAL RESULT

This section assesses the performance of content-based
image retrieval in the six color space (RGB, HSV, YUV, YIQ,
YCbCr and L*a*b*) which is based on the global and local
features to measure their performance. In this experiment, we
used the database of the SIMPLIcity project covering a wide
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range of semantic categories of natural scenes with artificial
objects for experiments [19]. The database is partitioned into
ten categories, including African people and village, beach,
building, buses, dinosaurs,elephants, flowers,horses, mountains
and glaciers, food, etc., and each category contains 100 images

( Fig. 1).

Fig. 1.Sample images of each category of the image database.

To evaluate The performance of proposed CBIR methods,
we examined by using the evaluated point value of the
precision rate p and recall rate r for considering the number of
relevant images to query the retrieval precision and recall are
defined as

n,
= ,and 9
Pum M )
- 10
™ —Nr (10)

Where M is the total number of retrieved images, n,is the
number of relevant correct images retrieved, N, represents the
total number of relevant images available in the database. It is
assumed that the user inspects the m first images of the ranked
list. So for every m = 1, 2, ..., M, precision p,and the recall r,,
are calculated. In each experiment, evaluation of the retrieval
precision is performed ten images were randomly selected
from each specific category in the database as query images
and we used the top 20 retrieved images to compute the
precision and recall.

®Food
#Buildings
wBeach

s Elephants
#Buses

#Dinosaurs
wFlowers

wtHorses

precision values (in percent)

# Mountain and
glaciers

% Africa people and
village

HSV RGB YUV Ylé) YCbCr L*a*b

Color Space

Fig. 2.Performance precision of retrieving images in the each color space.
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Fig.2 gives crossover points of precision value of the color
distribution and image bitmap feature based on CBIR
techniques for all considered difference color space testing on
the Wang image database. The result showed that dinosaurs
category is better than another color space in higher crossover
point values.

The precision crossover value of YIQ color space is lower
than other color space to retrieved the same image categories.
In addition, TABLE I and TABLE II is average of precision
value and average of recall value respectively, the resultsare
average of value in three times for one categary by using
image query random. These are compared the performance of
all color spaces for relevant image retrieved from database.

TABLE L. AVERAGE OF PRECISION VALUE (IN PERCENTAGE)

Category RGB | HSV | YUV | YIQ | YCbCr | Lab
Afiica people and village 633 | 582 | 733 35 683 65
Beach 733 45 533 | 333 55 617
Buildings 45 30 467 | 367 45 483
Buses 733 | 833 | 983 | 467 66.7 95
Dinosaurs 100 100 100 100 100 100
Elephants 75 60 75 383 66.7 70
Flowers 90 35 61.7 20 65 583
Horses 783 | 417 | 817 | 517 783 76.7
Mountain and glaciers 50 433 55 333 533 51.7
Food 633 | 583 | 733 | 212 85 783
Average T |J5§2 |27 4 417 683 70.5

TABLE IL AVERAGE OF RECALL VALUE

Category RGB | HSV | YUV | YIQ | YCbCr Lab
Africa people and village 117 | 127 | 147 7 137 13
Beach 9 147 | 107 6.7 10.7 123
Buildings 6 9 9.3 y7! 9 9.7
Buses 167 | 147 | 197 8.7 133 19
Dinosaurs 20 20 20 20 20 20
Elephants 12 15 15 7.7 133 14
Flowers 74 18 123 4 13 1.7
Horses 8.3 157 | 163 10 157 153
Mountain and glaciers 8.7 10 11 6.7 10.7 103
Food 11 13.7 163 5.3 17 15.7
Average 11 143 145 84 136 14.1

VI. CONCLUSION

This paper proposed a content-based image retrieval system
which is based on the color distribution and bitmap in different
color spaces to query image with a Wang image database. The
color distribution features are the global characteristic of an
image such as the mean value and the standard deviation. The
image bitmap represented the local feature to depict the local
characteristics of the image. We used both features to compare
the performance of six color space such as RGB, HSV, YUV,
YIQ, YCbCr, and L*a*b* color space for retrieving image
from the image database. The experimental results of the
proposed approach have shown the percentage in retrieval
performance. The YUV color space is better than the
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performance of other color spaces and the YIQ color space is
smaller than other space.
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7 INTRODUCTION

The image retrieval system is a computer system for
searching, browsing, and retrieving images from a large
database of digital images. Due to the tremendous growth of
digital image, results to the traditional text-based retrievals
based on keywords are not sufficient enough to resolve image
retrieval. The content-based image retrieval (CBIR) can
greatly enhance the accuracy and efficiency of retrieving and
managing the huge number of image data. So the CBIR
system attracts more and more attention of researchers. In the
recent year, content-based image retrieval (CBIR) has been an
active research area in image processing. Content based image
retrieval has many application areas such as architectural
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education, comg diagnosis,

m of CBIR is widely
used for retrieving desired ©5" from a large collection,
which is based on_extraeting catures such as color, texture,
i imag es themselves. For the color feature

V color space is widely used for CBIR
scheme In [5, 6] the YUV color space were extracted a
characteristic of images by discrete wavelet transform (DWT)
and compares the most significant wavelet coefficients of the
YUV components of the query image and those of the images
in the database to integrate similarity scores result from the
matching processes. Some of experiment result of them were
compares the performance for retrieving image of the YUV
color space higher more than the RGB and HSV color space
when has used the same work. In addition of color space,
texture and edge are also important features for retrieving
image of the retrieval scheme. In [7], a texture was used to
retrieve images from database, which is considered six
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different texture features produced from the co-occurrence
matrix and used normalized correlation to adopt as a similarity
function. In [8, 9], a texture also was used to retrieve image
from database, but in these cases has found a novel technique
of texture applied to the CBIR field. Some of them had a
combined texture feature with edge histogram to get better the
performance in the retrieving image of the retrieval scheme. «
Wang Beizhen et al [10]” have improved dominant color
histogram and edge histogram and evaluates the retrieving
result with the criteria provided by MPEG-7. Although, the
visual feature is important in the retrieving scheme, but the
. feature extraction and the method to extract the characteristic is
also helping to improve the performance of the retrieval
scheme. So, in [11], a CBIR scheme based on the global and
local color distribution and in an image is presented. The
scheme had used their method with RGB color space to query
image and saved a total memory space. “Vadivel et al[12]”
have introduced an integrated approach for capturing spatial
variation of both color and intensity levels and shows its
usefulness in image retrieval application. I additiens

approach of the low-level #Misua

he YUV color space for
) ease of extracting ﬁ]e f )

accuracy rate. Moreover, cQ
] fmm the RGB color

weighting the correspondmgfeamres So, we had choices™

YUV color space apply to this research and it can be defined in

[5. 6].

The color distribution of pixels in an image contains
sufficient information. The mean value of pixel colors states
the principal color of the image, and the standard deviation of
pixel colors can depict the variation of pixel colors [14]. The
variation degree of pixel colors in an image is called the color
complexity of the image. In the propose scheme, we supposed
the P; represent the color space component of the color image.
The mean (u) and the standard deviation (o) of a color image
are defined as follows:

1 M
p=end fy » od (1
M 1/2
- —12(P,—u)2] o)
i=1

Where p = [pY,uU,uV]T and o = [aY,0U,aV]" the
components of x and ¢ are the color space components. The
mean value and the standard deviation are the global feature of
the image that depicts the global characteristics of the images.
For the purpose of enhancing the retrieval accuracy, this paper
adopts image bitmap as the local to describe the local
characteristics of the image.

In the first step to generate the image bitmap, the scheme
divides the image into several non overlapping blocks [15].
Let B;={b,,b,, . . .,bi} be the jth block of the image, where 1
< <m The symbol k is the total number of pixels in the

i=1

3 T
¥) = |a) 1Us, V5] and
: color space components I

the block ug - and summa

h block to determine the cha
en rating the image bitmag,

B. Texture descriptor feature

Texture is also a visual feature that refers to innate surface
properties of an object and their relationship to the
surrounding environment. In this case, we are using gray-level
co-occurrence matrix (GLCM) for extracting texture features
of images [16], which is a simple and effective method for
representing texture. Co-occurrence matrices display the gray
level spatial dependency along different angular relationships,
horizontal, vertical, and two diagonal directions, in a block or
an image. The GLCM is specified by the relative frequencies
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P(i,j,d,8) with which two pixels, separated by a distance d,
occur in a texture along the direction of angle , one with gray
level / and the other with gray level j, The GLCM is
mathematically defined as follows:

P(i,j.d,8) = #{(x1, y) ) (2, ¥2)g 1 1) = 1, 9(x2.¥2) =,
1. 1) = (2. ¥2)| = d, 4(("1:)’1)("2:)’2)) = 9} Q)

Where # denotes the number of occurrences inside of the
window, with i and j being the intensity levels of the first
‘pixel and the second pixel at positions (x;,y,) and (x;,¥,),
respectively.

In order to simplify and reduce the computational effort,
we computed the GLCM according to one direction (i.e., = 0°
) with a given distance d (= 1) and only select one of the
features as retrieval feature: Entropy. The entropy ( E )
measures the disorder of an image and it achleves its largcst
value when all elements in P matrlx and
follows: R

nt edge feature that is
in the image space rep

dge distribution in the-image,
When the texture is not homogeii

pe in each image block is ca
orizontal, 45° dzaganal

relative frequency of occurrence of the ﬁve types of edges i
the corresponding sub-image.

5) After examining all image blocks in the sub-image, the
five-bin values are normalized by the total number of blocks in
the sub-image. Finally, the normalized bin values are
quantized for the binary representation.

D. The similarity measure of the features

In the experimental system, we use linear combinations of
three feature distance measurements to evaluate the similarity
which is the distance of color features, the distance of texture
feature, and the distance of the edge histogram descriptor
feature. When computing the similarity of each feature

between the query image and the target image in the database.
The normalized information distance (NID) [18] was used to
normalize the value of each distance adjusted to the same
level: the distance has a value between 0 and 1. Firstly, the
distance of the color features have described in the term of
global features and the local features. The local feature (S)) is
used the Hamming distance to evaluate the distance between
the two binary image bitmaps. On the other hand, the global
feature (S;), # and o, the scheme use Euclidean distance to
calculate the similarity.

For two images, the Hamming distance H used to evaluate
the image bitmap similarity is defined by

H(BM?, BMY) = {Z(n; —1y")+Z(w, - 1U9)

d global features to
s (doolor)

|E4 — E| — min{|E® — E9[}
dtexturc(d- Q) ~ max{lEd =it qu}

(13)

Where E¢ and E9 represents the entropy of the image from
the database d and the query image g respectively.

The third one, the normalized distance of the edge
histogram descriptor can be defined as follows:

EHD?| — min{|[EHD% — EHD1|}
— EHDA|}

|EHD® —

max{JEHDA a

dgyp(d, q) =
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Where EHD® and EHDY represents the edge histogram
descriptor of the image from the database d and the query
image g respectively. Finally, the similarity measurement is
obtained by linearly combining these of all similarity values.

SIM(d, Q) = deotor + deexture + denp (15)

IV. EXPERIMENTAL RESULT

In this expenment, we used the database of the SIMPLIcity
project covering a wide range of semantic categories of natural
scenes with artificial objects for experiments [19]. The
database is partitioned into ten categories, including. African
people and village, beach, building, buses, dinosaurs,elephants,
flowers,horses, mountains and glaciers, food, etc., and each
category contain 100 images ( Fig. 1). All the images are in
RGB color space. They are in the JPEG format with size in
256x%384 and 384 %256 pixels.

number of releva

assumed that the user inspects the m first images of the ranked
list. So, for every m = 1, 2, ..., M, precision p,, and the recall
rn are calculated. In each experiment, evaluation of the
retrieval precision is performed ten category images were
randomly selected from each specific category in the database
as query images and count the precision and recall separately
after getting the return result. The responding of image, we
always used the top 20 retrieved images to compute the
precision and recall. For the efficiency and accuracy of our
retrieval scheme is shown on the Fig. 2.

similarity measurement of thej

- Shimanc esents the TABLE Il re
total number of relcvant images available in the database. It 15 u

precision values (in percent)

Image Category

Performance precision of retrieving images in the each image category.

, we had
4l systems.
system

’ system is a user-oriented iiage
an interactive genetic algorithi

comparison is considered the péffomnance during the term of
the precision and recallgghi€te ar¢ shown in TABLE I and
1y SA Gt ly, the propose approach of our
) cved better than the other systems.
Exccptxonally, in the case of the “buildings” and “food”
categories, the performance of our approach is slightly inferior
to that obtained in [14]. This is because their feature sets
derived from the interactive genetic algorithm to achieve
better performance, which lets the user evaluate the retrieved
images as more or less relevant to the query one. For our
approach also used the same low-level visual features, but
some of the features, we used different technique to extract a
feature and the YUV color space is suitable for image retrieval
more than the other color space in the same work (certify in
[5, 6, 20]). So, our proposed approach scheme had a higher
performance more than the other systems illustrated.
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TABLE L AVERAGE OF PRECISION VALUE (IN PERCENTAGE) [2] M. Antonelli, S. G. Dellepiane, and M. Goccia, “ Design and imple-
mentation of Web-based systems for image segmentation and CBIR,”

Category 120] {14] Ours IEEE Trans. Instrum. Meas, vol. 55, no. 6, pp. 1869—1877, Dec. 2006.
Africa people and village 72 61 85 [3] W.M. Smeulders, M. Worring, A. Gupta, and R. Jain. “Content-based
Beach 53 93 95 image retrieval at the end of the early years” IEEE Trans. Pattern

analysis, vol. 22, no. 12, Dec.2000.

Buildings 47 85 65 w u g s
b 08 71 100 [4] T.Kato. “Database architecture for content-based image retrieval” Proc.
SPIE. Image Storage and Retrieval systems. vol. 1662, USA, Feb 1992

Pispani o oy s [5] A del Bimbo. Visual Information Retrieval. Morgan Kaufinann
Elephants 75 80 80 Publishers, San Francisco, CA, USA, 1999.

Flowers 62 82 95 [6] R.Sudhir, LtDr. S. Santhosh. “ An efficeint CBIR technique with YUV
Horses 82 79 100 color space and texture features” ISSN' Computer Eng and Intelligent
Mountain and glaciers 55 56 70 Systems vol. 2, no. 6, 2011.

Food 73 99 95 [7] K. Kim, S. Jeong, et al. “Efficient video image retrieval by using local
Average 71.8 80.6 88.5 co-occurrence matrix texture feature and normalized correlation” JEEE

Tencon. vol. 2, pp. 934-937, 1999.

[8] T. Dacheng, L. Xuelong, Y. Yuan, ef al. “A set of novel textural features
based on 3D co-occurrence matrix for content-based image retrieval”
ISIF. vol. 2, pp. 1403-1407, 2002.

TABLE IL. AVERAGE OF RECALL VALUE

Category [20] [14] Ours : - .
" : [9] J. Zhang, G. Li, H. Seok-wun. “ Texture-based image retrieval by edge
Afiica people and village 15 12 17 “detection matching GLCM” IEEE International Conference. pp. 782-
Beach 11 18 786, Oct 2008.
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Dinosaurs
Elephants
Flowers

Horses
Mountain and g
Food d
Average
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ding,” IEEE Trans. Commun., vol C
1979. y
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Abstract—This paper, we proposed a novel framework for
combining and weighting all of three i.e. color, shape and texture
features to achieve higher retrieval efficiency. The color feature is
extracted by quantifying the YUV color space and the color
attributes like the mean value, the standard deviation, and the
image bitmap of YUV color space is represented. The texture
features are obtained by the entropy based on the gray level co-
occurrence matrix and the edge histogram descriptor of an
image. The shape feature descriptor is derived from Fourier
descriptors (FDs) and the FDs derived from different signatures.
When computing the similarity between the query image and
target image in the database, normalization information distance
is also used for adjusting distance values into the same level. And
then the linear combination has used to combine the normalized
distance of the color, shape and texture features to obtain the
similarity as the indexing of image. Furthermore, an
experimental results indicated, a weight variation to achieve
higher retrieval efficiency and the proposed technique indeed
outperforms other schemes in terms of the accuracy and
efficiency.

Keywords—Content-based image retrieval (CBIR); Image
bitmap; Color distribution; YUV; Gray level co-occurrence matrix;
Fourier descriptors.

 1f INTRODUCTION

Owing to the rapid development of digital and information
technologies, more multimedia information is generated and
available in digital form from varieties of sources around the
world. And the results to the traditional text-based retrievals
based on keywords are not sufficient enough to resolve image
retrieval. The content-based image retrieval (CBIR) can greatly
enhance the accuracy and efficiency of retrieving and
managing the huge number of image data. So, in the recent
year, the CBIR system has been an active research area in
image processing and attracted more and more attention of
researchers.

The content based image retrieval has many application
areas such as architectural design, education, commerce,
military, medical diagnosis, biomedicine and web image
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classification. All most of The CBIR research is finding
technique to measure the performance for retrieving more
similar image from the image databases of retrieval scheme [1,
2, 3]. Some of them have been developed algorithms exploit
the low-level features of the image such as color, texture,
shape, and spatial descriptors of an object to help retrieve
images. In this paper, we have been combined three features
including color, shape and texture features and weight
variation to achieve higher retrieval efficiency of retrieval
scheme. In addition, we have been comparing the accuracy
and efficiency of the scheme with other the retrieval scheme.
In the next section, we provide a review of related works
about CBIR. Then, the proposed method to measure the
similarity of images is presented in section IIl. Section IV
shows the experimental results and provides comparative
performances. Finally, section V is a conclusion.

II. RELATED WORKS

This section introduces some important literatures review
which content based image retrieval (CBIR) was first
introduced by Kato in 1992 [4]. One of the most important
issues in a content based image retrieval is the feature
extraction process, where the visual content of the image is
mapped into a new space, the feature space. The term of CBIR
is widely used for retrieving desired images from a large
collection, which is based on extracting features such as color,
texture, edge and shapes from images themselves. For the color
feature extraction, the YUV color space is widely used for
CBIR scheme. In [5, 6] the YUV color space were extracted a
characteristic of images by discrete wavelet transform (DWT)
and compares the most significant wavelet coefficients of the
YUV components of the query image and those of the images

“in the database to integrate similarity scores result from the
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matching processes. Some of experiment result of them were
compares the performance for retrieving image of the YUV
color space higher more than the RGB and HSV color space
when has used the same work. In addition of the color space,



texture and shape are also important features for retrieving
image of the retrieval scheme. In [7], a texture was used to
retrieve images from database, which is considered six
different texture features produced from the co-occurrence
matrix and used normalized correlation to adopt as a similarity
function. In [8, 9], a texture also was used to retrieve image
from database, but in these cases has found a novel technique
of texture applied to the CBIR field. Some of them had a
combined texture feature with edge histogram to get better the
performance in the retrieving image of the retrieval scheme.
Shape is one of most important low level image features due to
that shape is a very important feature to human perception.
Various shape representation methods, or shape descriptors,
exist in the literature, these methods can be classified into two
categories: region based versus contour based. Contour based
shape representation only exploits shape boundary information,
these are methods based Fourier descriptors to represent a
shape descriptor [10]. The shape classification methods based
on autoregressive modeling and Fourier descriptors of closed
contours is carried out [11]. “Wang Beizhen [12]” have
improved dominant color histogram and edge histogram and
evaluates the retrieving result with the criteria provided by
MPEG-7. Although, the visual feature is important in the
| retrieving scheme, but the feature extraction and the method to
. extract the characteristic is also helping to improve the
. performance of the retrieval scheme. So, in [13], a CBIR
. scheme based on the global and local color distribution and in
an image is presented. The scheme had used their method with
RGB color space to query image and saved a total memory
space. “Vadivel [14]” have introduced an integrated approach
for capturing spatial variation of both color and intensity levels
and shows its usefulness in image retrieval application. In
addition, a color space features has been used conjunction with
many methods for relevant image query from the large
database image. In [15], the Block Truncation Coding (BTC)
represented a technique to retrieve images from databases. The
result showed that BTC could not be used for color image
compression only, BTC also could be used for content base
image retrieval.

III. THE PROPOSED METHOD

Most of the important issues in the image retrieval system
| is the choice of appropriate the feature extraction method and
corresponding similarity measure. In This section, we propose
the feature extraction approach of the low-level visual
features.

A. The color distribution feature

In the proposed approach, the RGB images are first
transformed to the YUV color space for two reasons: 1)
efficiency and 2) ease of extracting the feature based on the
color tones. It is well-know that the Y component of an image
is much more significant than the U and V component can be
much less than those kept for the Y component without
sacrificing the accuracy rate. Moreover, compared with the
features derived from the RGB color space, the features
derived from the YUV color space are more suitable for the
purpose of screening the image based on a certain color tone by
. weighting the corresponding features. So, we had choices the
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YUV color space apply to this research and it can be defined in
[5, 6].

To obtain the color features, The mean value and the
standard deviation were used to extract the global feature from
an image that depicts the global characteristics of the images.
And the image bitmap as the local to describe the local
characteristics of the image. There are can be defined in [16,
17].

B. Texture descriptor feature

Texture is also a visual feature that refers to innate surface
properties of an object and their relationship to the
surrounding environment. In this case, we are using gray-level
co-occurrence matrix (GLCM) and edge histogram for
extracting texture features of images [18], [19], which is a
simple and effective method for representing texture. Co-
occurrence matrices display the gray level spatial dependency
along different angular relationships, horizontal, vertical, and
two diagonal directions, in a block or an image. The GLCM is
specified by the relative frequencies P(i, j,d, 8) with which
two pixels, separated by a distance d, occur in a texture along
the direction of angle , one with gray level I and the other
with gray level j, The GLCM is mathematically defined as
follows:

P(i,j,d,0) = #{(xp)ﬁ)(xz'}’z)lg(xl')ﬁ) =i,9(x,¥2) =],
I(xl' )’1) T (xZIyZ)I = d' L((xllYI)(XZIyZ)) = 8} (1)

Where # denotes the number of occurrences inside of the
window, with i and j being the intensity levels of the first
pixel and the second pixel at positions (xy, y;) and (x3,y,),
respectively.

In order to simplify and reduce the computational effort,
we computed the GLCM according to one direction (i.e., = 0°
) with a given distance d (= 1) and only select one of the
features as retrieval feature: Entropy. The entropy (E)
measures the disorder of an image and it achieves its largest
value when all elements in P matrix and are defined as
follows:

£ # —Z Pi,j lOg Pl',j (2)
ij

Edge in an image is an important low-level feature, it can
describe both shape and texture features, which are also
essential elements for content-based image retrieval. One way
to represent such an important edge that is used a histogram.
The edge histogram in the image space represents the
frequency and the directionality of the brightness change in
the image. The edge histogram descriptor (EHD) [20]
represents the local edge distribution in the image, it’s useful
in image matching when the texture is not homogeneous.

C. Shape descriptor features

In general, Fourier descriptors (FDs) are obtained by
applying Fourier transform on a shape signature, the
normalized Fourier transformed coefficients are called the



Fourier descriptors of the shape. The shape signature is any
one-dimensional function representing two-dimensional areas.
Tree shape signatures are considered in our case, these are
centroid distance, complex coordinates, and curvature
signature which is derived from shape boundary coordinates.
In the following, we assume the shape boundary coordinates
(x(t), y(t)),t =0,1,..,L —1, have been extracted in the
preprocessing stage [10], [11].
A complex coordinates function is simply the complex
number generated from the boundary coordinate:
z(t) = x(t) + iy(8) ©)
In order to eliminate the effect of bias, we use the shifted
coordinate function:
() = [x(®) — x| + ily(®) — y.] @
Where (x.,y.) is the centroid of the shape, which is the
average of the boundary coordinates

L-1 L-1

X = %Z x(t),y. = Zy(t)

t=0 t=0
| This shift makes the shape representation invariant to
translation.

‘ The centroid distance function is expressed by the distance
. of the boundary points from the centroid of the shape

)

r(€) = ([x(®) — x]* + () = )2 ©)
Due to the subtraction of centroid, which represents the
position of the shape, from boundary coordinates, the centroid
distance representation is also invariant to translation.

A curvature function is a function of angular changes of a
boundary tangent. The curvature at a boundary can be defined
as the differentiation of successive boundary angles calculated
' in window w:

K(t)=0(@)—6(t—1) (@)

Where

L Y@®) -yt -w)
x(t) —x(t —w)
The Fourier transformation on shape signatures is widely
used for shape analysis. In this case, we described the shape
signatures by the discrete Fourier transform (DFT), let’s s(?),
t=0, 1, .., L, is a sampling stage. The discrete Fourier
| transform of s(2) is given by

é(t) = tan (3)

1e —j2nnt ;
%4 ﬁ; s(t)exp( - ),n =0,1,..,N—1 " (9
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The coefficients u,,n=0,1,..,N—1, are usually called
Fourier descriptors (FD) of the shape, denoted as FD,,n =
01,.., N-1.

Before applying Fourier transform on the shape signature,
shape is first sampled by equal arc length sampling to fix the
number of points [21]. The equal arc length sampling method
selects candidate points spaced at equal arc length along the
shape boundary. The space between two consecutive
candidate points is given by P/K , where P is the perimeter of
the shape boundary and K is the total number of candidate
points. For each shape, we select N = 28 candidate points
with equal arc length space between them. After that, the DC
component was used to describe each Fourier descriptors to
represent shape invariant [22].

D. The similarity measure of the features

In the experimental system, we use linear combinations of
three feature distance measurements to evaluate the similarity
which is the distance of color features, the distance of texture
feature, and the distance of the shape descriptor feature. When
computing the similarity of each feature between the query
image and the target image in the database. The normalized
information distance (NID) [23] was used to normalize the
value of each distance adjusted to the same level: the distance
has a value between 0 and 1. For the distance of the color
features have described in the term of global features and the
local features. The local feature is used the Hamming distance
to evaluate the distance between the two binary image
bitmaps. On the other hand, the global features, the mean
value and standard deviation were used the Euclidean distance
to calculate the similarity, the Euclidean distance between the
entropy and edge histogram to represent the distance of texture
feature [24], and the distance of shape feature derived from the
normalized information distance of the Fourier descriptors.

_ fd(d,q) — min{fd(d, q)}
dSh.ape(dt q) = max{fd(d, q)}

Where fd represent the shape similarity between the image in
the database d and the query image g respectively. The
similarity measurement is obtained by linearly combining and
weight these of all similarity values.

(10)

SIM(d, q) = we X dcoior + We X deexeure + Ws X dshdpe (1n

IV. EXPERIMENTAL RESULT

In this experiment, we used the database of the SIMPLIcity
project covering a wide range of semantic categories of natural
scenes with artificial objects for experiments [25]. The
database is partitioned into ten categories, including African
people and village, beach, building, buses, dinosaurs,
elephants, flowers, horses, mountains and glaciers, food, etc.,
and each category contain 100 images ( Fig. 1). All the images
are in RGB color space. They are in the JPEG format with size
in 256x384 and 384256 pixels.



Fig. 1. Sample images of each category of the image database.

A. The retrieval accuracy and efficiency

To evaluate The performance of proposed CBIR methods,
we examined by using the evaluated point value of the
precision rate and recall rate for considering the number of
relevant images to query the retrieval [26]. The precision gives
information about the relative effectiveness of the retrieval
scheme and the recall giving information about the absolute
accuracy of the retrieval scheme

In each experiment, evaluation of the retrieval precision is
performed ten category images were randomly selected from
each specific category in the database as query images and
count the precision and recall separately after getting the
return result. The responding of image, we always used the top
20 retrieved images to compute the precision and recall. For
the efficiency and accuracy of our retrieval scheme is shown
on the Fig. 2, which is weight variation depends on the best
weight of the color feature. In this case, we try given weight
for the experimental to get the best weight. It is clear that the
efficiency and accuracy of the retrieval scheme depended on
the weight of the color feature, the best weight of the color
feature is 70% . After that, the weight variation of the texture
and shape features were varied seven times to achieve higher
performance of the scheme.

—o—Food
~—~Buildings
-~ Beach

st~ Eicphants
~&~Buses

- Dinoszurs
—+—Fiowers
—&—Horses

e Mountgin
—&— Africa peaple

precision values (in percent)

wist w2nd w3rd wdth wSth wéth w7th
weight variation

‘ 2. Performance precision of retrieving images in the each image category.

Fig.2 gives crossover points of precision value of CBIR
based on our method, it depends on weight variation. The
weight of the color feature distance was constant at 70% and
varied the weight of the texture and shape feature distances
from 30% to 0% and 0% to 30% respectively. Based on that
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way, the higher performance was achieved when we set
w, = 70%, w, = 20% and ws = 10%, there are the weight of
the color, texture and shape feature distances. The weight
factor of color feature distance is higher than the weight factor
of texture feature and shape feature distance because our
database consists of most natural image.

B. Comparison with other method

To evaluate the superiority of our approach, we had
compared our experimental result with other retrieval systems.
The first system is a user-oriented image retrieval system
based on an interactive genetic algorithm [16], which the color
attributes, the entropy based on the gray level co-occurrence
matrix and the edge histogram of an image are combined to
represent the similarity measure and applied the interactive
genetic algorithm to achieve better retrieval efficiency of the
retrieval scheme. Second one is effective content-based image
retrieval: combination of quantized histogram texture feature
in the DCT domain [27]. The statistical texture features are
extracted from the quantized histogram in the DCT domain
using only the DC and first tree AC coefficients of the DCT
blocks of an image having more significant information were
proposed. And the third one is content based image retrieval
using color, texture and shape features [26], which the local
color, the texture descriptors in a coarse segmentation
framework of grids, and the shape descriptors in terms
invariant moments computed on the edge image were used to
achieve the performance of the scheme. The comparison is
considered the performance during the term of the precision
and recall, there are shown in TABLE I and TABLE II
respectively. Actually, the propose approach of our scheme
has achieved better than the other systems. Exceptionally, in
the case of the “beach” and “food” categories, the
performance of our approach is slightly inferior to that
obtained in [16]. This is because their feature sets derived
from the interactive genetic algorithm to achieve better
performance, which lets the user evaluate the retrieved images
as more or less relevant to the query one. For our approach
also used the same low-level visual features, but some of the
features, we used different technique to extract feature and the
YUV color space is suitable for image retrieval more than the
other color space in the same work (certify in [5, 6, 20]). So,
our proposed approach scheme had a higher performance
more than the other systems illustrated.

TABLE L AVERAGE OF PRECISION VALUE (IN PERCENTAGE)
Category P [16] P [26] P [27] Ours
Africa people 61 48 92 90
Beach 93 34 86 90
Buildings 85 36 68 85
Buses 71 61 89 100
Dinosaurs 100 95 100 100
Elephants 80 48 76 90
Flowers 82 65 100 100
Horses 79 70 93 100
Mountain 56 40 47 70
Food 99 50 66 85
Average 80.6 54.7 81.7 91.0




... TABLEIL AVERAGE OF RECALL VALUE

Category P[16] P [26] P [27] Ours
Africa people 12 10 18 18
Beach 18 6 17 18
Buildings 17 8 16 19
Buses 14 12 18 20
Dinosaurs 20 19 20 20
Elephants 16 10 15 18
Flowers 16 13 20 20
Horses 15 14 18 20
Mountain 11 8 9 14
Food 19 10 13 17
Average 158 11.0 164 184

V. CONCLUSION

This paper a content-based image retrieval system is
proposed in a novel framework for combining and weighting
all of three features to retrieve images with a Wang image
database. The color features are extracted from the global
characteristic of an image such as the mean value and the
standard deviation, and the image bitmap represented the local
feature, there are obtained by quantifying the YUV color space.
The texture features are extracted from the entropy based on
the gray level co-occurrence matrix and the edge histogram.
And the Fourier descriptors derived from difference signatures
are represented shape descriptors. There are also normalized by
the normalized information distance. The linear combination
was used to combine all of three features to obtain the
similarity measurement of our retrieval scheme. The
experimental results of the proposed approach have shown
weight variation to achieve higher retrieval efficiency: the
efficiency can be achieved in 91% by weight w, = 70%,
w; = 20% and w; = 10%. In addition, we had compared the
efficiency and accuracy with other the retrieval scheme, which
the our approach had better than the performance of other
systems.
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