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ABSTRACT
Image search engines attempt to give fast and accurate access to the wide range
of the huge amount images available on the Internet. There have been a number of
efforts to build search engines based on the image content to enhance search results.
Content-Based Image Retrieval (CBIR) systems have achieved a great interest since
multimedia files, such as images and videos, have dramatically entered our lives
throughout the last decade. CBIR allows automatically extracting target images
according to objective visual contents of the image itself, for example its shapes,
colors and textures to provide more accurate ranking of the results. The recent
approaches of CBIR differ in terms of which image features are extracted to be used
as image descriptors for matching process.
This thesis proposes improvements of the efficiency and accuracy of CBIR
systems by integrating different types of image features. This framework addresses
efficient retrieval of images in large image collections. A comparative study between
recent CBIR techniques is provided. According to this study; image features need to
be integrated to provide more accurate description of image content and better image
retrieval accuracy. In this context, this thesis presents new image retrieval approaches
that provide more accurate retrieval accuracy than previous approaches.
The first proposed image retrieval system uses color, texture and shape
descriptors to form the global features vector. This approach integrates the ycbcr color
histogram as a color descriptor, the modified Fourier descriptor as a shape descriptor
and modified Edge Histogram as a texture descriptor in order to enhance the retrieval
results.
The second proposed approach integrates the global features vector, which is
used in the first approach, with the SURF salient point technique as local feature. The
nearest neighbor matching algorithm with a proposed similarity measure is applied to
determine the final image rank. The second approach is more accurate in retrieving
images even in distortion cases such as geometric deformations and noise.
The third proposed approach uses a modified region-based segmentation
scheme that provides efficient segmentation results and treats over segmentation
II
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problems. This approach segments an image to regions that work as local descriptors.
This proposed approach integrates the global features vector, which is used in the first
approach, with the segmented regions as local feature. A spatial graph is constructed
from the segmented regions and a greedy graph matching algorithm is applied to
determine the final image rank.
The proposed approaches are tested on a standard image databases such as
Wang and UCID databases. Also is tested on our deformed Wang image database.
Finally, the third approach is tested on breast cancer images retrieved from
mammographic image analysis society. Experimental work shows that the proposed
approaches improve the precision and recall of retrieval results compared to other
approaches reported in thesis.
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INTRODUCTION
Image Search Engine is typically used for Web-based services that collect and
index images from other sites on the Internet. Image searching is offered by general
search engines, like Google or Yahoo, and by specialized image search engines services devoted to the searching of images or multimedia such as Flickr. In addition,
there are meta- search engines, which pass on search requests to more than one search
engine and then bring back the results.
Sometimes people use 'Image Search Engine' to refer to collection-based search
engines; services that index a single or small number of image collections, Large
digital libraries, commercial stock photo collections, or community-based collections
like Flickr that typically offer their own search engine-like facilities.
The types of image search engines are text-based and Content-based search
engines. The text-based image search engines use indexes which are created from
words associated with the images.
On the other hand, the content-based search engines create and use indexes
from visual characteristics of an image, such as its shape, color and textures. There is
a lack of coincidence between the feature that one can extract from the visual data and
the interpretation that the same data have for the user, and this is called the semantic
gap. Therefore, one cannot rely on one image feature and ignore other features, the
need for a composed feature description of an image is critical in searching a huge
image repository.

Motivation
Content-based image retrieval has many application areas such as, education,
commerce, military, searching, biomedical and web image classification. Recent years
have seen a massive growth of the storage of digital images. These large image
databases will be useless unless they are classified and accessed using efficient
techniques of searching, indexing and retrieval. Generally there are three ways for
searching on multimedia data:
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1. Free Browsing: users continue browsing a multimedia collection until finding
the desired image.
2. Text-based Retrieval: Users use text retrieval techniques for searching a
multimedia repository. These retrieval techniques rely purely on the keywords
around the multimedia data and the filenames. Also some retrieval techniques
rely on manually annotating images with keywords describing their content.
3. Content-based Retrieval: Users search a multimedia repository using
information about the content of the query multimedia object. The search
process uses signatures from the actual content of the query multimedia object
to search for and retrieve candidate multimedia objects.
The first two searching techniques have several drawbacks. The free browsing
techniques are time consuming and inappropriate for large scale multimedia
databases. The text-based retrieval techniques rely purely on the keywords around the
images and the filenames, which produces a lot of randomness in the search results.
Also, some text retrieval techniques rely on manually annotating images with
keywords describing their content. This has the drawback of producing inaccurate
descriptions due to differences in human perception of images being annotated. Other
drawbacks rise from differences in human culture and poor description of image
content.
In order to overcome the limitations of text-based image retrieval techniques,
researchers started studying methods that efficiently and accurately index huge images
repository. Content-based Image retrieval (CBIR) techniques tries to index visual
characteristics of an image; such as its salient, color, shape and textures to search for a
specific image in a huge amount of images. Salient features are extracted descriptions
of the most complex and interest points or region in an image [1]. Color features are
extracted descriptions of the color spatial structure of an image. Texture features are
description of the spatial variation in pixel intensities of an image; it can be described
by the coarseness, contrast, directionality, line-likeness and roughness of object
surfaces [2]. The shape features are extracted descriptions of boundaries or regions of
different objects in an image.
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The image search domains were classified as narrow and broad domains [3].
This classification holds until now and remains important for the sake of system
design. In narrow search domains, the images have less variation in terms of
geometric transformations, occlusion between objects and changes in illuminations, so
we have well defined visual features, for example face Databases. In broad search
domains, the images have high and unpredictable variations of geometric, illumination
and object occlusion characteristics. In this thesis we address the broad search
domains.

Problem Statement
Text-based image search is the most intuitive image query method given by
professional text-based search engines like Google and Yahoo. Queries directly relate
to the user’s vocabulary. Further, HTML provides the ALT field to specify descriptive
text.
However, images frequently lack descriptive text, which reduces the efficiency
of the text-based searching.
A text-based image search engine uses the images descriptive text to provide
an image dataset that are relevant to the vocabulary of the user. But, one can view this
dataset as a random image dataset which needs to be re-ranked based on a user
supplied image containing the required objects that meet the user perception. This
search engine retrieves the images based on descriptive text that may be inaccurate
and it doesn’t care about the content of these images.
We can use these random text-based retrieved image results as a first web
filtering stage. A second stage will be a content based image retrieval system that reranks the random dataset based on a user supplied query image.
Several systems were designed to use text-based queries as initial filtering
stage, for example Webseek [4] and ImageRover [5]. WebSEEk makes text-based and
color-based queries through a catalogue of images and videos collected from the Web.
The ImageRover system combines textual and visual statistics in a single index for
content-based search of a Web image database. A limitation of previous systems is
that they rely on manually created image database of textual and image features.
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In a typical CBIR system that uses a query formulation method, a user supplies
a query image to search for candidate images in a huge image repository. This
repository can be either an online image files collected and indexed by a web crawler,
or an offline huge image database. The CBIR system index repository images by its
extracted content features to speed up the retrieval process. The system extracts the
same content features used in indexing from the supplied query image. A matching
process compares the features of the query image to the indexed features of the
database images based on the distance between feature vectors. The matched results
retrieved are displayed to the user ordered by their rank. The existence of geometric
deformations and changes in illuminations affect the quality of the features and hence
the retrieval results of the CBIR system. The need of features that are invariant to
deformations and noise is critical for getting better retrieval results.
The integration of several image features is critical in searching huge image
repositories. One cannot rely on one image feature and ignore others. Many CBIR
systems have been developed that extracts and combine several features; for example
color, shape and texture features are used in QBIC system [6] for handling the
retrieval problem, VIRAGE system [7] supports arbitrary combinations of these
features with weights attached to each, MIRROR [8] image retrieval system
investigates MPEG7 visual descriptors [9]. An approach combines in a single
histogram both color and texture features which is called Fuzzy Color Texture
Histogram [10]. The effectiveness of this approach was shown by comparing it to
other MPEG7 features descriptors used by MIRROR system where the same dataset
was used for comparisons.
The main limitation of features integration in most existing CBIR systems is
the heavy involvement of the user, who not only must select the features to be used for
each individual query, but also must specify their relative weights. An interactive
CBIR system needs to simplify this problem. The extraction and integration of image
features should be automated to simplify the matching process for users. Therefore,
the automated feature integration scheme is expected to provide a better precision
quality of retrieved image results.
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The type and quality of features being integrated are the most important factors
for CBIR system efficiency determination. Image features chosen for integration must
be cumulative toward achieving better matching quality that meets user perception.

Main Contributions
1. Implement several recent color, shape and texture-based retrieval techniques,
such as the MPEG7 standard image retrieval techniques, for testing and
comparison purposes. These techniques are fully implemented and tested in the
proposed CBIR benchmark system. Standard image databases collected by the
research community for testing and benchmarking purposes are being used to
show the effectiveness of our approach toward others.
2. A deformed image database for testing and benchmarking purposes is built and
used to show the effectiveness of our approach toward others in retrieving
geometric deformed, blurred and noised images.
3. Propose a CTSD image retrieval technique, which uses color, texture and
shape to form the features vectors. This technique integrates the ycbcr color
histogram, modified edge histogram and modified Fourier descriptor as color,
texture and shape descriptors respectively, in order to enhance the retrieval
results.
4. Propose a new approach (CTSD&SURF) that automatically integrates
techniques of SURF and CTSD to form features vectors. This approach

is

efficient for accurately retrieving images even in existence of distortions such
as geometric deformed, blurred and noised images. Our approach extracts
interest SURF salient points that work as local descriptor; moreover, it uses the
color, texture and shape as global descriptors. A nearest neighbor (NN)
matching algorithm is applied to determine the final image rank.
5. Proposes a new effective region-based segmentation scheme that provides
efficient segmentation and avoids problems existed in recent region-based
segmentation algorithms such as over segmentation. It segments an image to
regions that work as local descriptors. This proposed approach integrates the
global features vector (CTSD) with the segmented regions as local feature. A
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spatial graph is constructed from the segmented regions then; a greedy graph
matching algorithm with the modified similarity measure is applied to
determine the final image rank.
6. Implement a java-based CBIR benchmark system that uses keyword-based
relevant images retrieved from Google image search engine as a web filtering
stage. A second stage uses a user query image to re-rank results of the first
stage.
7. Develop a case study where our approaches are tested on breast cancer images
retrieved from mammographic image analysis society. The results show that a
combination of the proposed CTSD global descriptor with local image
descriptor provides accurate results than other approaches.

Thesis Outline
This thesis is organized as follows:
Chapter 1: present a Survey on the related work and notes about the proposed frame
work.

Chapter 2: explores recent techniques and concepts of visual content descriptions.
These techniques are used in building our CBIR approaches and compared with our
proposed approaches.

Chapter 3: illustrates a new ycbcr color histogram which represents the color feature,
modified Fourier descriptor as shape descriptor and modified edge histogram as
texture descriptor. It also explains a new image retrieval system, which uses color,
shape and texture to form the features vectors.

Chapter 4: describes a new proposed retrieval approach that integrates color, texture
and shape techniques as a global descriptor with salient point extracted using SURF as
a local descriptor. Moreover it explains the major computational steps of Speeded-Up
Robust Features (SURF) algorithm.
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Chapter 5: Explains a new region-based segmentation scheme that provides an
efficient segmentation results when dealing with large image datasets. The proposed
technique segments an image into regions that work as a local descriptor. A spatial
graph is constructed from the segmented regions and a greedy graph matching
algorithm is applied to determine the final image rank. It also describes the new
integrated CBIR system between global features (color, texture and shape) and local
feature (segmented regions). It also introduces a modification of the greedy graph
matching algorithm for similarity measurement.

Case study: the approach is applied on breast cancer images retrieved from
mammographic image analysis society. It also gives a short note about breast cancer
CBIR.

Finally: the conclusions of the work are presented and some important notes for the
continuity of the research for future directions in this subject have been given.
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SURVEY ON THE RELATED WORK

1.1 Introduction
During the last decade, the field of image retrieval has received a lot of
attention. In this chapter, a survey on recent trends of this field is presented. First, the
text-based image retrieval methods and their related limitations are explored. Then,
the basic concepts and the general architecture of CBIR systems are provided. Then,
the techniques of content-based image retrieval especially the extracted features used
in description and the matching methods steps are reviewed. The chapter concludes
with an overview of the recent commercial and academic CBIR systems.

1.2 Text-Based Image Retrieval
1.2.1 Uncontrolled vocabulary
The most common method for searching image repositories is by annotating
images with descriptive text. The human indexer can provide description for the
images content, use the image caption or file name, or some background information
about the image such as time, place, or photographer. The user can formulate queries
using homogeneous descriptions, such as keywords, to match the annotations. This
method can provide inaccurate results because of the poor description or different
cultures of indexers, so the term, “uncontrolled vocabulary”, is used to distinguish this
method from other systematic methods.
The uses of uncontrolled vocabulary were classified by van den Berg [11] into two
main methods: the use of free text, and of additional keywords. About the former
1
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method, van den Berg stated that: “Descriptions of images in natural language come
closest to our natural way of communication but bear in them the ambiguity of prose.
Retrieval is based on exact string matching and success is unpredictable since it
depends entirely on the congruence between the vocabularies of the people who have
built the descriptions and those formulating the search terms.”In addition, van den
Berg stated about the latter method: “A limited selection of keywords which seems to
be representative for the contents of the images, is picked by the cataloguer. A string
of keywords is not subject to the syntax of natural language, yet additional
information can be conveyed by the way in which the keywords are arranged. The
order, in which they are placed, for example, is something used to distinguish between
the whole and its parts.”

1.2.2 Controlled vocabulary
In an attempt to introduce a measure of control to the vast number of
descriptive words which might be used when indexing images, considerable attention
has been paid to the development of thesaurus-based indexing systems.“A controlled
vocabulary can be built during the indexing process as a custom-made list of terms
based upon prose descriptions. The terms on such a list may in turn are used to build
new descriptions. The list of terms can also be derived from another source of
terminology”, (Van den Berg, [11]).

1.2.3 Assistance methods
Besser [12] pointed out the problem that the user could perform initial online
queries using descriptive text, but the user might want to browse hundreds of images
to find the desired one. In addition, text-based methods were inadequate for describing
the rich content information of images. Both in descriptive cataloging and in
providing access points, even extensive text-based descriptions of the images are
seldom sufficiently descriptive for the researcher to determine which images are likely
to be relevant to his or her needs. Even an enormous amount of descriptive text cannot
2
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adequately substitute for the viewing of the image itself [12]. In, a method was
developed by the University of California Berkeley to solve this problem. This
method merged form of online public access catalogue (OPAC) with tools for visually
browsing surrogate images [12].
The UC, Berkeley developed Chabot system [13] which aimed at combining
text-based descriptions with content-based analysis in retrieving images from a
collection of photographs. The textual information includes the shooting date, the
picture location, and the perspective of the photo, while the content-based feature was
the color histogram.

1.3 Content Based Image Retrieval
Content-based image retrieval (CBIR), also known as query by image content
(QBIC) and content-based visual information retrieval (CBVIR) can be defined as
"the application of computer vision to the image retrieval problem, that is, the problem
of searching for digital images in large databases"[14]. The term "Content-based"
means that the search will address the actual contents of the image. The image content
can be its shape, color, texture or any other signature that can be derived.
In Smeulders et al. [15], the domains for image search were classified into broad and
narrow domains. Broad domains address searching image repositories having high
variability and unpredictability in their visual characteristics. In broad domains
variations in illumination, occlusion and clutter of scene objects and viewpoint
changes will have large impact on the content representation and search techniques.
Examples for broad domains are large photo stocks and random image collections. On
the other hand narrow domains address searching image repositories having limited
variability and better-defined visual characteristics such as face databases. These
narrow domain collections are usually recorded under constant illumination, using a
fixed viewpoint and no occlusion.
CBIR is easier to be formulated for narrow domains because of the limited variability
in visual characteristics. For broad domains, the need for techniques that deals with
3
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the geometric and photometric variations is critical for searching huge image
repositories.
For broad domains, Smeulders et al. described a gap between objects in the
real world and the description of a scene recorded for these objects. This gap was
called the sensory gap. The sensory gap can provide uncertainty in object scene
description; this can be made by variations in the scene recording conditions, such as
geometric deformations, changes in illumination and existence of occlusion and
clutter. The sensory gap can cause different 2D image shots of 3D objects to have the
same representation due to missing information about the recording conditions.
Several levels of features can be used to represent the content of an image. Three
levels of features which are the low level features, the semantic features and the
subjective features, are required to be addressed. The low-level features rely on the
image perceptual properties such as color, texture and shape to provide a
representation of the image content. Depending on the low level features, the semantic
features extract and represent objects and define their roles in scenes. The abstract and
subjective features describe the impressions, emotions and the meaning of perceptual
properties, for example we may want to retrieve pictures of a particular birthday
celebration or a happy beautiful woman.
The CBIR system needs to locate images having the same meaning depending
on the features representation of images.

The goal of CBIR is to minimize the

Semantic and Sensory gaps using invariant and high quality visual features of images
and relevant domain knowledge to support various search categories.

1.4 Architecture of CBIR System
In a typical content-based image retrieval systems [15] (Figure 1.1), the visual
features of an image repository are extracted and represented by multi-dimensional
feature vectors. The images feature vectors form a feature database. To retrieve
images, users provide example image quires to the retrieval system. The system then
extracts the visual features of these queries to form its internal representation of
4
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feature vectors. The similarities or distances metrics are used to compare the feature
vectors of the query image and those of the repository.
The queries relevant images are retrieved with the aid of an indexing scheme.
The indexing scheme speeds up the retrieval and search process in an image database.
Recent retrieval systems include a users' relevance feedback stage. The user provides
its feedback on the retrieved images to modify the retrieval process in order to retrieve
more accurate relevant and meaningful results next time.

Figure 1.1: general architecture for content-based image retrieval system.

Many CBIR systems have been developed that extracts and combine several features.
There are several criteria that differentiate these systems. These criteria are:
 the types of used features,
 the used similarity/matching techniques,
 the used indexing data structures,
 the presentation of retrieved results to the user,
 the relevance feedback process and
 The user’s formulation of a query.
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1.5 Visual Content Description Techniques
A good visual content descriptor should be invariant to the accidental variance
introduced by the imaging process (e.g., the variation of the illuminant of the scene).
However, there is a tradeoff between the invariance and the discriminative power of
visual features, since a very wide class of invariance loses the ability to discriminate
between essential differences. Invariant description has been largely investigated in
computer vision (like object recognition) [2].
Review of the recent techniques of representing images is illustrated in these
Sections. These techniques can use color, texture, shape and salient features to provide
representation of the image. This representation holds as a base for the indexing and
matching techniques and the selection for the appropriate similarity measures.

1.6 Color Feature Representation
Color analysis is a fundamental component for representing the image content.
Color features are among of the most extensively used low-level features in content
description and retrieval. Its popularity comes from the robustness to noise, rotation
and scaling. Due to their little semantic meaning and its compact representation, color
features tend to be more domain independent compared to other features. Combined
with image segmentation, color features are a great tool to describe the appearance of
the image and even generate semantic annotations.

1.6.1 Color histograms
A traditional method of representing an image is to transform the image to a
color histogram. Swain and Ballard [16] demonstrated that color histograms of
multicolored objects provide a robust efficient cue for indexing into a large database
of models. They stated, “Histograms are invariant to translation and rotation about the
viewing axis, and change only slowly under change of the angle of view, and change
in scale, and occlusion.” They also introduced a similarity measure called histogram
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intersection and developed the histogram back-projection algorithm for solving the
object location problem.
A limitation of color histograms was that a change of illumination will shift
the histogram bins which will cause difficulties in matching. Markus Stricker and
Markus Orengo [17] described the cumulative color histograms where the color
composition of an image was viewed as the discrete form of a probability distribution
or a cumulative histogram. They showed that the cumulative histogram is more robust
to color indexing than traditional color histogram techniques.
Another limitation with traditional color histograms was that colors similarity
across histogram bins was not considered. Markus Stricker and Alexander Dimai [18]
continued the research and described the use of Fuzzy color histograms in color
indexing. In this approach, each image was tessellated with five partially overlapping
fuzzy regions. They argued that a minimum of five fuzzy regions was necessary to
support more complicated queries in a query by example paradigm. The use of fuzzy
regions allowed gray levels to have partial and full memberships. This allowed great
deal of interference between neighboring regions and smooth transition of levels in
case there was a change in illumination.
A color space represents a mapping of image pixels color intensities to a
certain N Dimension space. S. Gang Qian Pramanik et al. [19] analyzed the properties
of the HSV (Hue, Saturation and Value) color space with emphasis on the visual
perception of the variation in Hue, Saturation and Intensity values of an image pixel.
They generated a HSV histogram and compare it with the RGB histogram. They
showed that the HSV histogram retained a uniform color transition that enabled doing
a window-based smoothing during retrieval.
A limitation of HSV color space was that dark colors were insensitive to
saturation and hue changes and, similarly, the hue value was negligible for low
saturation colors. Costantino Grana, Roberto Vezzani, Rita Cucchiara [20] studied the
misleading errors in classification of chromatic and low saturated colors of HSV
histograms. They proposed an Enhanced HSV Histogram with chromatic point
detection based on a single Hue and Saturation parameter that could correct this
7
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limitation. The proposed technique was used in a system for automatic clip annotation
called PEANO.

1.6.2 Color features based on wavelets
Wang et al. [21] used the wavelet transforms to extract color features. They
described the WBIIS (Wavelet-Based Image Indexing and Searching); an indexing
and retrieval algorithm that applied a Daubechies' wavelet transform for each of the
three opponent color components. The algorithm improved color layout feature
extraction.
The work was further extended, where The MPEG7 standard [9] proposed The
Scalable Color Descriptor. This descriptor applied the Haar transformation of the HSV
color histogram to output the high and low-pass coefficients. These coefficients were
quantized for fast retrieval.

1.6.3 Color moments
The color moments were described by Markus Stricker and Markus Orengo
[17] where they used the first order (mean), the second (variance) and the third order
(skewness) calculated over the HSV color space. They showed that the use of color
moments outperforms the cumulative color histograms and traditional color histogram
techniques.

1.6.4 Color coherence vector
When an image is transformed into a histogram, all spatial information is
discarded (M. Stricker, A. Dimai [18]). Therefore, indexing using color histograms
have significant limitations of the lack of spatial information. To solve this problem,
Greg Pass Ramin Zabih, Justin Miller [22] described a method for comparing pairs of
images that combines color histograms with spatial information. They classified each
pixel in a given color bucket as coherent or incoherent, based on whether or not it was
part of a large similarly-colored region. A Color Coherence Vector (CCV) stored the
8
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number of coherent versus incoherent pixels with each color. They argued that their
algorithm can provide histogram refinement and effective feature extraction.

1.6.5 Color correlograms
The color histogram was further developed by J. Huang, S. R. Kumar, M.
Mitra, W.-J. Zhu, and R. Zabih [23], where they defined a new image feature called
the color correlogram and used it for image indexing and comparison. This feature
distilled the spatial correlation of colors. Also they described the idea of AutoCorrelograms that captured spatial correlation between identical colors only. They
showed the effectiveness of their approach toward traditional histograms.
T. Ojala, M. Rautiainen, E. Matinmikko, M. Aittola [24] continued the work
on color correlograms where they studied content-based retrieval of images using
color correlograms computed in HSV color space. They explored different
quantization of the HSV color space, and tried to make the correlogram more sensitive
to changes in color. They showed that the retrieval of HSV correlograms
outperformed that of RGB correlograms. They argued that this was because HSV
color space had better correspondence with human visual perception of color.
The Color auto correlograms was further studied by R. Barcellos and L. Lorenzi, R.
Oliani, A. Gonzaga, [25] where they studied Color auto correlograms using HSV
color space. The results showed the retrieval robustness to illumination condition
changes.

1.6.6 Color co-occurrence matrix
The Gray scale Co-occurrence Matrix (GCM) stores the number of pixel
neighborhoods in an image that have a particular grayscale combination. Linjiang Yu
and Georgy Gimelfarb [26] described an algorithm that used combined color/texture
features to detect spatially homogeneous color textured regions similar to the given
example. A quantization of the HSV color space was used as a first step. The
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similarity between the normalized color co-occurrence histograms (nCCHs) was
measured to detect the desired regions.
The work was continued by A. Vadivel, Shamik Sural, A.K. Majnzumdar [27]
where they presented an approach for representing color and intensity of pixel
neighborhoods in an image using a co-occurrence matrix. They analyzed the
properties of the HSV color space, and suggested suitable weight functions for
estimating relative contribution of color and gray levels of an image pixel. They
constructed an integrated Color and Intensity Co-occurrence Matrix (ICICM) and
argued that the ICICM matrix could provide high recall and precision.

1.7 Texture Feature Representation
There is no formal definition of texture. “Texture refers to the visual patterns
that have properties of homogeneity that do not result from the presence of only a
single color or intensity. It is an innate property of virtually all surfaces, including
clouds, trees, bricks, hair, and fabric” [28].
Texture is a powerful discriminating feature but it is more complex than color. An
image that has the same texture of another image can have the same spatial
arrangement of colors but may be not the same colors. Several models had been
proposed to represent texture features.

1.7.1 Statistical based methods
These methods represent texture by the statistical distribution of the image
intensity. These methods include co-occurrence matrices, Principal Component
Analysis (PCA) and Tamura feature.

 Tamura Features. These features were originally proposed by H. Tamura, S.
Mori, T. Yamawaki [29] and were designed accordance with studies of human
visual perception of texture. They proposed six features; coarseness, contrast,
directionality, line-likeness, regularity and roughness. Coarseness is a measure
of the granularity of the texture and related to distances of notable variations of
10
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grey levels. Contrast measures how grey levels vary in an image and to what
extent their distribution is biased to black or white. Directionality measures the
frequency distribution of oriented local edges against their directional angles.

 Co-occurrence matrices. Haralick , Shanmugam, and Dienstein [30] used the
Gray Level Co-occurrence Matrix (GLCM) for texture feature extraction. A set
of statistical parameters were calculated from the Co-occurrence matrix like
energy, entropy, contrast and inverse different moment.
Ross Dennis Long staff, Ross F. Walker, and Paul Jackway [31] discussed a
method for improving the discrimination power of certain class of GLCM. The
improvement was based on the generation of a discrimination matrix which
indicated the discriminatory power of each element in the GLCM. The results
showed remarkable increase in feature discriminatory power for most features.

 Principal component analysis (PCA). Cha [32] illustrated the potential of
kernel PCA for dimensionality reduction and feature extraction in contentbased image retrieval. The basic idea was to first map the input space into a
feature space via a nonlinear map and then compute the principal components
in that feature space. They used Gaussian Kernels to compute the principal
components in the feature space of an image data set. The results showed that
Kernel PCA performs better than linear PCA in content-based image retrievals.

1.7.2 Model based methods
Markov Random Fields (MRF). Vacha and Haindl [33] introduced fast and
robust image retrieval measures that utilized novel illumination invariant features
extracted from three different Markov random field (MRF) based texture
representations. The results showed the superiority of these new illumination invariant
toward the Local Binary Patterns, steerable pyramid and Gabor textural features.
Vacha and Haindl [34] continued the research of textural features, which were
invariant to illumination spectrum and extremely robust to illumination direction. The
features required only a single training image per texture and no knowledge of
11
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illumination direction or spectrum. The results showed the superiority of the
illumination invariant features toward the local binary patterns, steerable pyramid and
Gabor textural features.

1.7.3 Geometrical based methods
 Voronoi Tessellation Features. A. K. Jain [35] developed a texture
segmentation algorithm based on the Voronoi tessellation. The algorithm first
built the Voronoi tessellation of the tokens that make up the textured image. It
then computed a feature vector for each Voronoi polygon. The algorithm had
successfully segmented binary images containing textures whose primitives
had identical second-order statistics and a number of gray level texture images.
The results of the segmentation algorithm showed that the shapes of the
Voronoi polygons provided a powerful set of features that reflect certain
textural properties in images.

1.7.4 Spectral based methods
 Fourier Transform. Abdelhamid Abdesselam [36] described a Fourier-based
technique for characterizing image textures. The performance of the technique
was compared with several Fourier- and wavelet-based methods. The
experiments showed that the method outperformed several existing Fourierbased and wavelet-based methods.

 Wavelet Transform Features. M. Kokare, PK Biswas, and BN Chatterji [37]
designed a set of two-dimensional (2-D) Rotated Complex Wavelet Filters
(RCWFs) which gave texture information strongly oriented in six different
directions (45 degrees apart from complex wavelet transform). Features were
obtained by computing the energy and standard deviation on each subband of
the decomposed image. Experimental results indicated that the RCWFs-based
method improved the retrieval rate.

12

Chapter (1)

SURVEY ON THE RELATED WORK

K. Muneeswaran, L. Ganesan, S. Arumugam, K. RubaSoundar [38] introduced
a method to extract the features by combining the discriminating features of
spatial and spectral distribution of image texture. A comparison was made with
the popular Gaussian and Gabor wavelets based methods for segmenting the
image. The segmented outputs and the classification efficiency of their method
[38] were found to be better and the time taken was reasonable.
 Gabor Filter Features. A. K. Jain, F. Farrokhnia [39] presented a texture
segmentation algorithm inspired by the multi-channel filtering theory for visual
information processing in the early stages of human visual system. The
channels are characterized by a bank of Gabor filters that nearly uniformly
covers the spatial-frequency domain. They introduced a systematic filter
selection scheme which is based on reconstruction of the input image from the
filtered images. The main limitation of their texture segmentation algorithm is
the lack of a criterion for choosing the value of the nonlinear transformation
constant.

 Independent Component Analysis (ICA) filters. Khaparde, Deekshatulu,
Madhavilatha, Farheen, Kumari [40], presented a global feature extraction
approach using the Independent Component Analysis (ICA). A comparative
study was done between ICA feature vectors and Gabor feature vectors for 180
different texture and natural images in a databank. The results showed that
extracting color and texture information by ICA provided significantly
improved results.

1.7.5 Other texture-based approaches
Park, Jin, and Wilson [41], introduced a new method to analyze the image
texture and to index the image database. They presented a new strategy to reduce the
computational time to extract image features with high retrieval accuracy. They also
proposed a method to reduce the image feature dimension, so any robust indexing
methods can be used.
13
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Chun, Seo, and Kim [42], proposed the block difference of inverse
probabilities (BDIP) and the block variation of local correlation coefficients (BVLC)
as texture features, for content-based image retrieval. They presented an image
retrieval method based on the combination of BDIP and BVLC moments. BDIP uses
local probabilities in image blocks to measure local brightness variations of an image.
BVLC uses variations of local correlation coefficients in image blocks to measure
local texture smoothness of an image. Experimental results showed that the presented
retrieval method [42] yields about 12% better performance in precision vs. recall and
about 13% in Average Normalized Modified Retrieval Rank (ANMRR) than the
method using wavelet moments in [37].

1.8 Shape feature representation
Shape features represent the geometric information of image objects or
regions. The image has to be segmented into regions or objects to extract meaningful
shape features. The shape description methods were classified by the MPEG7 standard
into either boundary-based or region-based. Region Shape features segment the image
into regions and capture the distribution of region pixels. Boundary Shape features
describes the shape properties of an object contour. To extract good shape
representation; the feature should be invariant to translation, rotation and scaling. Also
the features should have noise resistance and still identify objects in existence of
occlusion. In this section, we survey some of the shape features extraction and
description techniques that are commonly used in image retrieval applications.

1.8.1 Boundary-based methods
Scale Space. H. Asada, M. Brandy [43] introduced a representation of the
significant changes in curvature along the bounding contour of planar shape. They
called the representation the curvature primal sketch. They describe an implemented
algorithm that computed the curvature primal sketch and illustrated its performance on
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a set of tool shapes. They claimed that the results can be used for developing the
region and contour based representation of 2D shapes.
S. Abbasi, F. Mokhtarian, and J. Kittler [44], described the problem of shape
similarity retrieval in image databases. Curvature Scale Space (CSS) image
representation along with a small number of global parameters was used for this
purpose. The CSS image consisted of several arch-shape contours representing the
inflection points of the shape as it was smoothed. The maxima of these contours were
used to represent a shape. The results showed a higher performance superior that
Fourier descriptors and moment invariants.
S. Abbasi, F. Mokhtarian, and Kittler [45] addressed the problem of shallow
concavities. They argued that it might give rise to large contours in the CSS image.
They used these contours to match those corresponding to deep and wide concavities
during the matching process. The results showed a significant improvement in the
performance on shapes with shallow segments.
A. C. Jalba, M. H. F. Wilkinson, and J. B. T. M. Roerdink [46] presented a
multi-scale morphological method for the purpose of shape-based object recognition.
They defined a connected operator similar to the morphological hat-transform, and
built two scale-space representations, using the curvature function as the underlying 1D signal. The results showed that their method outperformed other compared
methods.
Chain Codes. Y. K. Liu, W. Wei, P. J. Wang, and B. Zalik [47] introduced
three new vertex chain codes. The first new code was introduced without increasing
the average bits per code. The second introduced a variable-length vertex chain code.
The third proposed a compressed chain code based on the Huffman method. The
efficiencies of the new vertex chain codes were then compared theoretically and
practically against the most popular chain codes. The result of the comparison showed
that the third chain code was the most efficient.
Gaussian smoothing. K. Kpalma and J. Ronsin [48] presented a new method
based on the multi-scale analysis of a curve and dealt with the contour of planar
objects. Their method used a low-pass Gaussian Kernel to gradually smooth the
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contour by decreasing the filter bandwidth. They generated an Intersection Points Map
(IPM) function by getting all intersection points between the smoothed contour and
the original one. The results showed that the IPM function was translation and rotation
insensitive and scale change resistant for a large range of scaling. The IPM function
generated showed resistant to noise for a range of noise energy.
Shape Signature. S.-M. Lee, A. L. Abbott, N. A. Clark, and P. A. Araman
[49] introduced a novel shape representation for planar curves, called shape signature
harmonic embedding. The representation was obtained via solving the Dirichlet
problem for a disk and its uniqueness was theoretically guaranteed. They derived a
discrete closed form solution to the problem by exploiting the Laplace equation.
Fourier Descriptors. D. Zhang et. al. [50] built a Java retrieval framework to
compare shape retrieval using FDs derived from four shape signatures. These methods
were the centroid distance, cumulative angle, complex coordinates and curvature
Fourier description methods. Their results showed that shape retrieval using FDs
derived from centroid distance signature was significantly better than that using FDs
derived from the other three signatures.
Wavelet Descriptors. James Ze Wang, Gio Wiederhold, Oscar Firschein and
ShaXin Wei [51], described Wavelet-Based Image Indexing and Searching (WBIIS),
an image indexing and retrieval algorithm with partial sketch image searching
capability for large image databases. The algorithm characterized the color variations
over the spatial extent of the image in a manner that provides semantically meaningful
image comparisons.
El-Hadi Zahzah [52] proposed a method for 2D partial shape recognition under
affine transform using the discrete dyadic wavelet transform invariant to translation
well known as Stationary Wavelet Transform (SWT). Also, he had showed how to
choose the starting point on the contour using the orientation of the natural axis. The
method was tested on a database of 5000 fish species, and the results were
satisfactory.
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1.8.2 Region-based methods
Geometric Moments. Flusser Jan, [53] presented a new method for
calculating moments of binary objects. The major advantage of the method was that it
decomposed the moment calculation into two stages. First stage, containing relatively
complex operations, is performed only once and its results can be used for any object.
The second stage contains very simple operations and must be performed for each
individual object. The results showed that this decomposition made the method
extremely effective for extensive object recognition tasks.
Li Zongmin et. al., [54] introduced structure invariants moment based on the
geometric invariants moment from transforming the density in geometric moments
into a new density. The difference in the shapes was increased by using the structure
moment invariants. Experiments gave an encouraging high recognition rate by using
the structure moment invariants.
Grid Descriptors. A.Sajjanhar et. al., [55] proposed a novel method for shape
representation and similarity measure which they called the grid based method and
evaluated its performance by comparing it with Fourier descriptors method and the
moment invariants method.
Zernike Moments. Dengsheng Zhang et. al., [56] studied and compared three
region shape descriptors: Zernike Moment Descriptors (ZMD), Grid Descriptors (GD)
and Geometric Moment’s Descriptors (GMD). The strengths and limitations of these
methods were analyzed and clarified. They implemented a Java frame retrieval
framework to test the retrieval performance. Experiments on standard shape databases
showed that ZMD was the most suitable for shape retrieval in terms of computation
complexity, compact representation, robustness, hierarchical coarse to fine
representation and retrieval performance.
Amayeh, G. Kasaei, S. Bebis, G. Tavakkoli, and A. Veropoulos, [57] proposed a
method that addresses skew and stretch distortion. The Zernike moments were
obtained from a transformed unit disk space that allows for the extraction of shape
descriptors which are invariant to rotation, translation, and scale as well as skew and
stretch. The experimental results demonstrated that the proposed algorithm is more
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accurate in relation to skew and stretch distortions when compared to other available
schemes reported in the literature.
Legendre Moments. Huazhong Shu, Limin Luo, Xudong Bao, Wenxue Yu,
and Guoniu Han, [58] presented an efficient algorithm for computing 2D and 3D
Legendre moments. A new approach was developed for computing Legendre
polynomials with one variable; the corresponding results were then used to calculate
1D Legendre moments. They extended the approach to calculate 2D Legendre
moments. Also, an efficient method for computing 3D Legendre moments was
developed. The comparison of the algorithm with known algorithms showed that their
method was efficient and accurate.
Generic Fourier Descriptors. Zhang DS et. al., [59] proposed the Generic
Fourier descriptor (GFD) to overcome the drawbacks of other shape representation
techniques. The proposed shape descriptor was derived by applying 2-D Fourier
transform on a polar raster sampled shape image. Experimental results showed that the
GFD outperforms Zernike Moment Descriptor (ZMD) which had been proposed to
MPEG-7 as shape descriptor.
Zhang DS et. al., [60] presented an Enhanced Generic Fourier Descriptor
(EGFD) for object-based image retrieval. The proposed EGFD improves GFD
significantly. It solves GFD’s low retrieval performance on severely skewed and
stretched shapes. Also an optimized Major Axis Algorithm (MAA) was proposed for
finding MA of generic shapes. Results showed that The EGFD outperformed GFD
and ZMD significantly on both perspectives transform test and general distortion test.

1.9 Salient Feature Representation
Strong segmentation is segmenting precisely all the objects located in the
image. This is an extremely complex task. For retrieval understanding of all the
objects located in the image is rarely needed. Of course, the deeper one knows the
objects and semantics in the image, the deeper will be the understanding of the image,
and the understanding of the semantic meaning of the image content does not require
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strong segmentation. Weak segmentation was needed to be used in content-based
retrieval. In weak segmentation the result is regions that may not bound the entire
object. These regions provide a blobby description of objects rather than a precise
description.
Salient features are a type of weak segmentation that captures the most salient
points or regions in an image. These salient points or regions are stored as a reduced
description of the image content and can be used for indexing and matching purposes.
The most Salient point in an image can be detected by corner detection techniques,
Wavelet based techniques, Scale space, pyramid techniques, from a color saliency
maps and several other approaches.

1.9.1 Corner Based
Fei Shen, and Han Wang [61], proposed a local edge detection algorithm that
can be used well in corner detectors. Instead of marking edge points globally, they
detect them locally based on both gradient magnitude threshold and gray level
analysis. Their process is dynamic and can provide correct edge points for detecting
corners. The problem of finding corners is simplified into detecting simple lines
(straight lines that pass through the coordinate origin) in a local coordinate system.
Hough transform is modified to organize the edge points generated by the new edge
detector into simple lines.
Dongxiang Zhou, Yun-hui Liut, and Xuanping Cai [62], an improved SUSAN
corner detector was proposed and its performance was compared with Harris and
SUSAN corner detectors. The method adopted an adaptive multi threshold strategy
based on local brightness rather than one threshold for the whole image, and divided
the circular mask area of SUSAN into two or more parts. Next, the number of pixels
in the part where the nucleus locates was calculated. If the number is less than half the
total pixels of the circular mask, the nucleus will be a corner candidate. The exact
positions of image corners are those candidates with local minimum numbers. In order
to improve the computational efficiency of the algorithm, they limit the search space
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for corner candidates to those pixels whose intensity gradient magnitudes by Sobel
operator are higher than a threshold.

1.9.2 Wavelet based
E. Loupias, N. Sebe, S. Bres, and J. M. Jolion [63], presented a salient point
detector based on wavelets. They presented a retrieval experiment with Gabor features
where their method performs better than other point detectors from the literature.
N. Sebe, Q. Tian, E. Loupias, M. S. Lew, and T. S. Huang [64], presented a waveletbased salient point extraction algorithm. They showed that extracting color and texture
information in the locations given by their salient points provides significantly
improved results as compared to global feature approaches. Moreover, their salient
points lead to a more complete image representation than using corners.

1.9.3 Scale space based
Jonathon S. Hare and Paul H. Lewis, [1], they had illustrated the concept of
using peaks in a difference-of- Gaussian pyramid to select scale-invariant salient
regions. They had shown that peaks in the difference-of-Gaussian pyramid are robust
to a range of transformations, and that they perform better than an alternative
approach to finding salient regions based on image entropy. Also, they had
demonstrated the concept of using salient regions for content based retrieval.
Timor Kadir, and Michael Brady [65], concentrated on the use of low-level
approaches for solving computer vision problems and discussed three inter-related
aspects of this: saliency; scale selection and content description. In contrast to many
previous approaches which separate these tasks, they argue that these three aspects are
intrinsically related. Based on this observation, a multi-scale algorithm for the
selection of salient regions of an image was introduced and its application to matching
type problems such as tracking, object recognition and image retrieval is
demonstrated.
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Bastian Leibe, and Bernt Schiele [66], presented an approach to multi-scale
object categorization using scale-invariant interest points and a scale-adaptive meanshift search. The goal of their work was object categorization in real-world scenes.
Given a novel image they wanted to recognize and localize unseen-before objects
based on their similarity to a learned object category. For use in a real world system,
the ability to recognize objects at multiple scales was included.

1.9.4 Color saliency based
Joost van d. Weijer et. al., [67], presented color distinctiveness that explicitly
integrated in the design of salient point detectors. The method, called color saliency
boosting, can be incorporated into existing detectors which are mostly focused on
shape distinctiveness. Saliency boosting is based on the analysis of the statistics of
color image derivatives. Salient derivatives form ellipsoids in the color derivative
distributions. Which is exploited to adapt derivatives in such a way that equal saliency
implies equal impact on the saliency map. Experiments showed that color saliency
boosting substantially increases the information content of the detected points.

1.9.5 Other approaches
K. N. Walker, T. F. Cootes and C. J. Taylor [68], presented a method for
locating salient object features. They described local image structure by vectors
extracted using a standard “feature extractor” at a range of scales. They trained
statistical models for each feature, using vectors taken from a number of training
examples. They used the feature models to find the probability of misclassifying a
feature with all other features. Low probabilities indicate a salient feature.
David W. Jacobs [69], proposed an algorithm that robustly locates salient
convex collections of line segments in an image. The algorithm is guaranteed to find
all convex sets of line segments in which the length of the gaps between segments is
smaller than some fixed proportion of the total length of the lines. This enables the
algorithm to find convex groups whose contours are partially occluded or missing due
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to noise. He gives an expected case analysis of the algorithm’s performance. This
demonstrates that salient convexity is unlikely to occur at random, and hence is a
strong clue that grouped line segments reflect underlying structure in the scene.
Ediz Saykol et. al., [70], present an application that provides an integrated
mechanism to query images by color, shape, and texture content of the salient objects.
The extracted features (color, shape, and texture vectors) are stored in an objectfeature database. Color vector is a variant of color histograms where the object pixels
are probabilistically weighted by distance. Shape vector is a combination of angle and
distance vectors, which is similar to human visual system. Their texture vector is
based on well-known Gabor filters.
Alaa Halawani and Hans Burkhardt [71], concentrated on the idea of
calculating features by evaluating the kernel functions around salient points that
represent the most important visual information in an image they had compared the
evaluation of the nonlinear kernel functions around salient points with the evaluation
of the same functions using the Monte-Carlo method for the purpose of image
retrieval. Both color and texture features were used. Several experiments with
different kernel functions were carried out. In all of the experiments, the salient point
method gave better results than the Monte-Carlo method.
Hannes Saal, Nora Nortmann, Norbert Krüger and Peter Kِnig [72], used the
human visual system as a model for feature extraction by examining properties of
fixation points in natural images. They hypothesize that useful and important features
are frequently fixated by human subjects and that intrinsic dimensionality may
indicate salient image regions. As the human visual system is restricted to repeatedly
sampling small image regions in order to study a particular visual scene, fixation
points have to be chosen wisely to maximize the amount of incoming new information
with each fixation. The intrinsic dimensionality algorithm provides a useful way to
encode image features that goes along with what regions are determined to be salient
by the human visual system. Intrinsic dimensionality features are low-level and can be
extracted by relatively simple computational means. Also, they are able to combine
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edge and corner classificatory into a single non-discrete approach and therefore
constitute a powerful tool in machine vision.
Hui Zhang, Rouhollah Rahmani, Sharath R. Cholleti, and Sally A. Goldman
[73], proposed a CBIR system that uses a novel salient point method that both reduced
the number of salient points using segmentation as a filter, and improved the
representation so that it is a more faithful representation of a single object. Also, they
introduced an improved Expectation Maximization-Diverse Density (EM-DD) based
multiple-instance learning algorithm.

1.10 Integrated feature representation
One cannot rely on one image feature and ignore other features, the need for a
composed feature description of an image is critical in searching a huge image
repository. Several techniques were provided that integrated several features to
enhance the similarity and ranking between images.
Anne H. H. Ngu, Z. Sheng, Du Q. Huynh, and Ron Lei [74] proposed a fast
and robust hybrid method for non-linear dimensions reduction of composite image
features for indexing in large image database. This method incorporated both the PCA
and non-linear neural network techniques to reduce the dimensions of feature vectors
so that an optimized access method can be applied. To incorporate human visual
perception into their system, they also conducted experiments that involved a number
of subjects classifying images into different classes for neural network training.
Qasim Iqbal and J. K. Aggarwal [75] combined structure, color and texture for
efficient image retrieval. Structure was extracted by the application of perceptual
grouping principles. Color analysis was performed by mapping all pixels in an image
into a fixed color palette that uses linguistic tags to describe color content. Texture
analysis was done using a bank of even-symmetric Gabor filters. They demonstrated
that the synergy resulting from the combination of structure, color and texture can
provide a robust image retrieval system that can serve queries ranging from images
depicting conspicuously structural (manmade) content to images depicting scenes of
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purely natural objects. Good classification performance was obtained in the broader
classes. Sub-classification achieved limited success. They stated that further research
is needed to obtain a better performance in sub-classification.
A. Vadivel, Shamik Sural and A. K. Majumdar [76] proposed a new softdecision approach from the HSV color space for modeling combined human visual
perception of color and texture in a single feature vector called COLTEX. They
developed a web-based system for demonstrating their work and for performing user
queries. The results showed that the proposed approach to video shot detection gave
very high recall and precision
Chuen-Horng Lin, Rong-Tai Chen, and Yung-Kuan Chan [115] proposed three
image features for image retrieval. In addition, a feature selection technique was
developed to select optimal to maximize the detection rate and simplify the
computation of image retrieval. The first and second image features were based on
color and texture features, respectively called Color Co-occurrence Matrix (CCM) and
Difference between Pixels of Scan Pattern (DBPSP). The third image feature was
based on color distribution, called color histogram for K-mean (CHKM).The
experimental results indicated that the proposed system outperformed Huang’s and
Jhanwar’s methods. Also feature selection allowed computation of image retrieval
from any type of image databases to be effectively reduced.

1.11 CBIR Systems
QBIC (Query by Image Content) [6], this system was developed by IBM
Almaden Research Center, San Jose, CA. the system used color, texture and shape
features to describe images. Color features were the 3D average color vector of an
object or the whole image in RGB, YIQ, Lab, and Munsell color space and a 256dimensional RGB color histogram. The texture features were modified versions of the
coarseness, contrast, and directionality features proposed by Tamura. The shape
features consist of shape area, circularity, eccentricity, major axis orientation and a set
of algebraic moment invariants. QBIC implemented an image retrieval method based
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on a rough user sketch. QBIC allowed queries based on example images, userconstructed sketches or/and selected color and texture pattern. For matching, the
weighted Euclidean distance was used where the weights were the inverse standard
deviation for each component over the database images. To match two color
histograms, two distance measures were used: the low dimensional, average color
distance and another more computationally expensive, the quadratic histogram
distance. For matching a query by sketch, a correlation based matching is performed,
something like template matching. The matching score of a database image was the
sum of the correlation scores of all local blocks. QBIC applied multidimensional
indexing to enhance the performance and it was one of the first systems to apply this
type of indexing. Retrieval results presented by their order of similarity and any
retrieved image could be used as a seed for a subsequent query by example.
Image Rover [5], this system was developed by the Department of Computer Science,
Boston University, MA. . In this system used color and texture orientation features.
Principal component analysis (PCA) was used to reduce the dimension of extracted
feature vectors. The user started the query process by providing set of keywords
related to the desired images, results were displayed and the user finds and marks one
or more images. A relevance feedback scheme was employed to enhance the retrieval
next time.
ADL (Alexandria Digital Library) [88], this system was developed by the
University of California, Santa Barbara. In this system the user could pan and zoom a
two-dimensional map of the world to locate his areas of interest then he could select a
query area that overlap with database images. The system used texture features and
keywords to search for images. A query image was compared to other images
footprints according to the overlapping or containment criterion. Results were
presented as thumbnails. The system was used to support basic science, including the
Earth and Social Sciences.
FIDS (Flexible Image Database System) [89], this system was developed by
the department of Computer Science and Engineering, University of Washington,
Seattle, WA, USA. The system used the color histogram, and the fraction of flesh
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colored pixels, values histogram after applying the Sobel edge filter, the local binary
pattern histogram, and coefficients of the Haar wavelet decomposition. Also features
were extracted from sub images after dividing the image in a grid. Users could select
the distance measure used for matching and combine several measures for a final rank.
The L 1 distance was used as the distance measure between histograms. The weighted
difference was the distance between wavelet coefficients. A tree structure was used as
an indexing structure for storing a distance of all database objects. The results
presented by their ordered rank.
CHROMA (Color Hierarchical Representation Oriented Management
Architecture) [90], this system was developed by the School of Computing,
Engineering and Technology, University of Sunderland, UK. The system extracted a
color dominance vector for each image of at most length ten. The second feature was a
15 X 15matrix of color classes. The user browsed a hierarchy built on the color
dominance vectors of all images in the database. Jaccard’s coefficient was used as the
matching score of two images. The results were presented linearly according to their
matching score.
PicHunter [91], this system was developed by the NEC Research Institute,
Princeton, NJ, USA. The system extracted color histogram and color spatial
distribution along with hidden textual annotations. Also a 256-length HSV color auto
correllogram (CORR) and a 128-length RGB color-coherence vector (CCV) were
used to describe the image content. The system implemented a query by example
paradigm. The L1 distance was used as the distance between individual features.
Images were matched using a global distance resulted from scaling and combination
of individual features distances. The system implemented a probabilistic relevance
feedback mechanism, which tried to predict the target image the user wanted based on
his actions. The N highest probability images were presented to the user. The system
was used on a database of images gathered from 45 CD’s of Corel stock photographs.
PicSOM [92], this system was developed by the Laboratory of Computer and
Information Sciences, Helsinki University of Technology, Finland. Features were
computed for a center region, and four regions along the sides. These features were
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15-dimensional vector of the average R, G, B values, 45-dimensional vector of the
color moments (mean, variance, skewness) of each color channel, The Y-values of the
YIQ color representation, 40 dimensional texture feature vector of the estimated
probabilities for each neighbor being brighter than the center pixel, a 40-dimensional
vector resulting from a 8-bins histogram and a 128-dimensional vector represented
The magnitude image of the Fourier spectrum after low-pass and decimated by a
factor 32. The matching was based on the Self-Organizing Map (SOM) and the
indexing was the array of the SOM. A relevance feedback was employed where each
SOM level was treated as a two-dimensional matrix of values describing the user’s
responses to the contents of the seen map units.
RETIN (Rechercheet Traque Interactive) [93], this system was developed by
ENSEA/University of Cergy-Pontoise, France. Random pixels are selected from each
database image and the RGB, HSV, Lab, and LUV values are taken for these pixels.
The texture feature was the energies response of 12Gabor filers (four different
direction and three different frequencies). These extracted color and texture features
were clustered using a Kohonen self-organizing neural network. Then, for each
individual image, a user Search for an image either by the whole image, or on a region
of interest that is drawn by the user. From the whole image or the region of interest,
the distribution of feature classes was computed, and compared with those of the
database images. For matching two distances measures were usedH1; one was the
weighted Minkowski distance and the other allowed cross matching between bins with
the weights summing to one. These distances were computed for all the different color
and texture features, which were averaged with weights. The retrieved images were
presented linearly by their matching score. Relevance feedback was used by
modifying the weights between the feature distances to enhance the retrieval results
next time.
SIMBA (Search Images by Appearance) [94], this system was developed by
the Institute for Pattern Recognition and Image Processing, Freiburg University,
Germany. The system used a histogram of a function of transformed local pixel
patterns of image taken over all rigid motions. By combining different functions f and
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different color layers a multidimensional histogram was built. A fuzzy version of the
histogram was developed to get rid of the discontinuities of the histogram operator at
bin boundaries. The user was presented with a selectable number (from 1 to 25) of
random images from the database. The user selected one of these and the query would
start. Also, the user could specify a URL for his own query image. The system used
histogram intersection as well as X2 and L1 and L2 distances for matching. No
indexing data structure was used. The results of a query were presented in decreasing
order of match row by row.
SIMPLICITY [95], this system was developed in the Stanford University.
The system used the idea that images could be classified into global semantic classes,
such as textured or no textured, graph or photograph, and that much cold be gained if
the feature extraction scheme was tailored to best suit each class. A series of statistical
image classification methods was developed, including the graph-photograph,
textured-no textured classifiers. The application of advanced wavelets in feature
extraction has been explored. Also the system used a new developed image region
segmentation algorithm using wavelet-based feature extraction and the k-means
statistical clustering algorithm. For similarity, a new measure for the overall similarity
between images was developed, the Integrated Region Matching (IRM) measure,
defined based on a region matching scheme that integrated properties of all the
regions in the images.
SMURF (Similarity-based Multimedia Retrieval Framework) [96],this system
was developed by the Center for Geometry, Imaging, and Virtual Environments,
Institute of Information and Computing Sciences, Utrecht University, The
Netherlands. The system incorporated color, texture, and shape. The system was
primarily oriented toward shape-based retrieval. The search was started by selecting
an image from a random selection. Matching of two polylines was done using the
weighted point set matching with a pseudo metric, Proportional Transportation
Distance. The triangle inequality and similarity of similarity measures was used to
make the search more efficient. In SMURF, the search was done with an optimal
approximate k-nearest neighbor search in the m-dimensional “vantage space” of
28

Chapter (1)

SURVEY ON THE RELATED WORK

distances where the search only toke cheap distance computations in vantage space.
Results were shown in decreasing order of match score. The polyline matching was
applied to about 70,000 polylines. The weighted point set matching was used for
searching in a collection of 1100 fish contours.
MIRROR (MPEG-7 Image Retrieval Refinement based On Relevance
feedback) [97], this system was developed by the department of electronic
engineering, the city university of Hong Kong. The system was developed for
evaluating MPEG-7 visual descriptors and developing new retrieval algorithms. The
system core was based on MPEG-7 Experimentation Mode (XM) with web-based user
interface for query by image example retrieval. A new Merged Color Palette approach
for MPEG-7 dominant color descriptor (DCD) similarity measure was developed in
this system. MIRROR consisted of three main modules. Feature Extraction module
extracted the descriptor from the original image. Similarity measures module to match
and rank images. Relevance Feedback module received user feedback on relevant
retrieval and generated a new query for Similarity Measure module for a new
retrieval.
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IMAGE CONTENT DESCRIPTION FOR CBIR

2.1 Introduction
In Chapter 2, recent techniques of visual content description are discussed and
evaluated. These techniques are used in building the proposed CBIR benchmark
system. Section 2.1 provides a description of the recent research work on color
features content descriptors. This section begins by introducing the concept of color
space and discussing the most popular color spaces including the RGB and HSV color
spaces. Color histograms are presented as a useful tool in color image analysis. HSV
histograms and fuzzy color histograms are discussed as examples for color feature
description.
Section 2.2 overviews the MPEG7 standard color and texture descriptors
known as Multimedia Description Schemes (MDSs). MDSs provide a standardized
way for describing the important concepts related to visual content description and
content management in order to facilitate searching, indexing, filtering, and access.
Section 2.3 describes the shape descriptors. Section 2.4 introduces salient features
content descriptors where weak segmentation approaches are used as an alternative
solution to the difficulties of strong segmentation techniques. This section presents the
techniques of extracting the most salient points or regions in an image and their
extensions to extract scale invariant salient regions for describing an image.
An explanation of the retrieval improvements of using composed feature
descriptors is presented in section 2.5, where more than one feature can be integrated
for an image description. A discussion of the fuzzy color and texture histogram
(FCTH); a composite feature descriptor is provided as a powerful technique for
integrating the color and texture information in a single descriptor. Finally, the
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methods of evaluating the proposed CBIR system and the proposed approaches are
overviewed.

2.2 Color Features Content Descriptors
The color is one of the primary components of image analysis for the purpose
of content-based image retrieval. But before selecting an appropriate color descriptor,
color spaces must be determined first.

2.2.1 Color spaces
A wide range of colors can be created using the primary colors (cyan (C),
magenta (M), yellow (Y), and black (K)). These colors then define space to represent
other colors. To construct a 3-D representation of a color space, we can assign the
amount of magenta color as the X axis, the amount of cyan as the Y axis, and the
amount of yellow to as the Z axis. The resulting 3-D space provides a unique
representation for every possible color created by combining those three primary
colors.
The most common color spaces for image retrieval include RGB, CIE L*a*b*,
and HSV (HSL, or HSB). One of the most important characteristics of an appropriate
color space for image retrieval is its uniformity. Uniformity means that two color pairs
that are equal in similarity distance in a color space are perceived as equal by viewers.
In other words, the measured proximity between two colors indicated by human
perception must be directly related to the measured similarity distance between the
two colors in a color space [15].
2.2.1.1 RGB color space

RGB space is a widely used color space for image storing and display. It is
represented by three color components red, green, and blue. These color components
are called "Additive primaries" since a color in RGB space is produced by adding
them together.
The RGB color space is a device-dependent space and perceptually nonuniform. This means that the perceptual difference between the two RGB values does
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not correspond to the actual RGB space value difference. For example, when adding
the values (R = 0.1, G = 0.1, B = 0.1) to certain colors especially bright ones, a little
change to these colors will occur, but adding this to others will create a much
brightening effect. So the Euclidian distance between two values in the RGB color
values does not correspond to the perceptual difference.
2.2.1.2 HSV color space

The HSV color space has three components: hue, saturation and value. To
understand this model, its components should be first explored.

(a) the neutral axis

(b) a plane with constant brightness.

(c) planes with constant Value

(d) varying the hue angle

Figure 2.1 Relating HSV to RGB color spaces

The RGB color space is represented as a cube (figure 2.1(a)) where, red, green
and blue colors are the main axis, x, y, and z, respectively. When R, G and B increase,
then the plan goes from black to white going throughout the whole gray scale. A grey
tone is obtained when R=G=B, then x=y=z corresponds to a line that goes from point
(0, 0, 0) to point (255,255,255). That's the neutral axis, which is an important notion in
the HSV color space.
All the points that match a criteria like R + G + B = Value (V) have all the
same brightness. Points that match x+y+z=V form a plan are shown in (figure 2.1(b)).
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The point of that plan that is located on the neutral axis is grey. If the plan moved
along the neutral axis, from the black point (0, 0, 0) to the white point (255,255,255),
only the brightness of the pixels will change as shown in (figure 2.1(c)). In the HSV
color space, that position along the neutral axis is called "Value".
If a circle centered at the neutral axis is plotted (figure 2.1(d)), a perfect
symmetry around this point is seen. The direction of each radius corresponds to a tint
(red, blue, purple, yellow, etc...). This direction can be defined by an angle ranging
from 0 to 360 degrees. This angle is defined as the “Hue”. For example, red, green and
blue are just three particular angles, separated by 120°. Selecting color between blue
(240°) and green (120°) becomes really more accurate. Yellow is just the opposite of
blue, i.e. 240°-180° = 60°. Orange is located between Red (0°) and Yellow (60°), so
Orange = 30°. One can now select a tint just by these “Hue” angle logics, and define
how bright the color is with the "Value" parameter. "Saturation" is used to select
precisely and easily the wanted color degree.

(a) A disk for Value = 33%

(b) Varying the amount of Saturation

Figure 2.2 Composition of hue, value and saturation.

Figure 2.2(a) represents a disk for a Value of 33%., for the three Hue angles
that match Red, Green and Blue. The distance from the neutral axis to the considered
point represents the blend between a "pure" color and the closest grey tone and this
distance represents the Saturation. So, for each hue angle at a certain Value (figure
2.2(b)), there is a color shad ranging from the pure color given by the Hue to its
closest gray color on the neutral axis.

2.2.1.3 CIELab solor space

The CIELab color space was specified by the international commission on
illumination to match human color perception of objects. The CIELab color space had
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its color components as the combinations of red and yellow, red and blue, green and
yellow, and green and blue. For determining the exact color combination, three
components were defined to this color space (Figure 2.3),
∗

the red/green coordinate and

∗

∗

the lightness coordinate,

the yellow/blue coordinate.

Figure 2.3 CIELab Color Space.

2.2.2 HSV histograms
The significance of HSV color space over RGB color space is that it reflects
human vision quite accurately and it mainly uses only one of its components (hue) to
describe color in an image as shown in fig2.4. The other two components (i.e.,
saturation and value) are significant only when describing black, white, gray, and the
various shades of the colors. The histogram relays on an underlying color space and
uses its components to determine the probability of a certain color being existed in an
image. In building such a histogram, one relies primarily on Hue because it is an
attractive feature as it captures intrinsic information about the color of objects or
surfaces in a scene. Moreover, Hue is invariant to confounding factors such as
illumination brightness

Figure 2.4 HSV color space components
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In constructing the HSV histogram, the lake of the spatial distribution of colors
can lead to erroneous similarity results between images. To overcome this problem,
integrating the concentration of colors in images can be used.

Figure 2.5 The neighborhood of each pixel, represented by a cross having 15 pixels width and 15 pixels
height around.

An algorithm for integrating the concentration of colors in images was
discussed in [28]. The algorithm read the HSV value of each pixel from left to right
and from top to down, and investigated the neighborhood of each pixel. The pattern of
the neighborhood for color vicinity may be any regular geometrical shape, such as a
rectangle, a circle, or a rhombus, or even by an arbitrary geometrical shape. For
simplicity, the neighborhood is represented by a cross having 15 pixels width and 15
pixels height around as illustrated in figure 2.5. If any pixel on the cross have a similar
color to the current center pixel then instead of increasing the value of the specified
bin of the particular color by one, it increases it by two, thus considerably enlarging
the number of pixels in the bins that contain colors with significant concentrations in
the image. The similarity of any pixel on the cross and the central pixel was measured
by whether or not they belong to the same color region (bin).

2.2.3 Fuzzy color histogram processing
To create a conventional histogram, the color space is first divided into a
number of bins and then the number of pixels of the image that belong to each bin is
counted. There was a thought that for an image retrieval system to perform more
accurate, the color space have to be quantized into quite small regions. Thus the colors
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represented by neighboring regions have relatively small differences that results in the
‘‘perceptually similar colors’’ problem [100]. This problem appears when
perceptually similar colors may be quantized into different bins. Therefore, images
which are similar to each other but have small differences in scene or contain noise
will produce histograms with dissimilar adjacent bins and have large distances
corresponding to each other.
A solution to the ‘‘perceptually similar colors’’ problem were introduced [101]
by using a small number of bins produced by using a fuzzy linking histogram of the
triplet from the
than

∗

∗ ∗ ∗

t color space. It gave more weights to the

∗

∗

and

components

component as it was mostly the combination of the two which provided the

color information of an image. The solution was implemented using Mathworks
Matlab fuzzy logic toolbox.
The

∗ ∗ ∗

color space was selected because it was a perceptually uniform

color space which approximates the way that humans perceive color. In addition, the
∗ ∗ ∗

was found to perform better than other color spaces in various retrieval tests

performed in the laboratory for the purpose of this implementation. Several tests were
performed on the

∗ ∗ ∗

concluded that each of

color space in order to have an effective CBIR system. It was
∗

and

∗

components should be subdivided into five regions

representing green, greenish, the middle of the components, reddish and red for
and blue, bluish, the middle of the components, yellowish and yellow for
∗

∗

∗

,

. Whereas

should be subdivided into only three regions: dark dim and bright areas. The input

fuzzification was carried by using triangular shaped built-in membership functions
(MF) representing the regions for the three input components ( ∗ ,
b and c)).

∗

,

∗

) (figure 2.6(a,

The Mamdani type of fuzzy inference was used in which a set of fuzzy rules
were applied on the activated MFs. These rules map the activated MFs to one of 10
equally divided MFs (figure 2.7). The final bins of the histograms are in respect to: (1)
black, (2) dark grey, (3) red, (4) brown, (5) yellow, (6) green, (7) blue, (8) cyan, (9)
magenta and (10) white. The defuzzification phase is performed using the LOM
(largest of maximum). The output MFs of each rule are combined through the
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aggregation operator which is set to the max fuzzy membership participation value.
The max value is used to increment the output bin indicated by the defined fuzzy
rules.
Figure 2.8 shows a query image and its resulted fuzzy linked histogram. One
can notice that bins 1, 6 and 7 are mostly activated because of the black shadows are
the dominant colors in the image.

2.2.4 Auto color correlogram
A color correlogram expresses how the spatial correlation of pairs of colors changes
with distance. A color histogram (henceforth histogram) captures only the color
distribution in an image and does not include any spatial correlation information. The
size of color correlogram is O  m 2 d  .The auto correlogram of image captures spatial
correlation between identical colors only.
The size of auto color correlogram is O  md  . ACC is able to find the local spatial
correlation between colors by reducing the size of color correlogram from O (m2d) to
O (md). It does not consider the color distribution values of each color in an image.

2.3 MPEG-7 Standard Content Descriptors
The MPEG-7 standard provided Multimedia Description Schemes (DSs) for
describing and annotating visual content. The DSs provided a standardized way for
describing the important concepts related to visual content description and content
management in order to facilitate searching, indexing, filtering, and access. “The DSs
are defined using the MPEG-7 Description Definition Language (DDL), which is
based on the XML Schema Language, and are instantiated as documents or streams.
The resulting descriptions can be expressed in a textual form (i.e., human readable
XML for editing, searching, filtering) or compressed binary form (i.e., for storage or
transmission)” [9]. The MPEG-7 standard aimed to allow interoperable searching,
indexing, filtering and access of audio-visual (AV) content to facilitate the
interoperability between devices and applications that work with Audio-Visual
content description.
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Figure 2.6 Fuzzy Membership functions of L*, a* and b*.

Figure 2.7 Membership functions of the output of the fuzzy system.

Figure 2.8 (a) Query image and (b) Its fuzzy linked histogram.

The MPEG-7 visual content Descriptors were designed mainly for describing
low-level visual features such as color, texture and shape features. The MPEG-7 DSs
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were also designed to describe higher-level visual features such as regions, segments,
objects and to produce complex descriptions by integrating together multiple
Descriptors and DSs, and by declaring relationships among the description
components. The objective of this section is to provide an overview of the MPEG-7
Visual content Descriptors that were developed as part of the MPEG-7 standard.

2.3.1 Color descriptors
MPEG-7 standard defines five color descriptors [9]. These descriptors cover
several aspects of color and different application areas. These five color descriptors
were as follows:
a) Dominant Color
b) Scalable Color
c) Color Structure
d) Color Layout
e) Group of Frames/Group of Pictures Color
2.3.1.1 Dominant color descriptor

In this color descriptor, Color quantization was used to cluster colors into a
small number of reprehensive colors. This descriptor can be used to describe objects,
regions or the whole image. The descriptor specifies a small number of dominant
color values and their statistical properties including percentage and variance. This
descriptor can be described by:
= {( , ,

), } , i = 1,…..,N

(2.1)

Where N was the number of dominant colors and

color in a specific region or the whole image where, ∑

was the percentage of the
= 1.

is color variance

and is the spatial coherency. There is an overall spatial coherency over the whole
image. But the group ( ,

,

) was calculated for each dominant color.

2.3.1.2 Scalable color descriptor

This descriptor is a color histogram in the HSV color space encoded by the
Haar transform for storage efficiency. The size of the histogram depends on the HSV
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quantization method. This descriptor started by extracting an HSV histogram with 256
bins where the hue (H) component quantized to 16 bins and each of the saturation (S)
and value (V) quantized to 4 bins. The process of calculating Haar transform consisted
of a loop which iterates I = log2 (n) times, where n is length of the histogram vector.
This resulted in a set of 16 low pass coefficients and 249 high-pass coefficients.
Applications of this descriptor include similarity search in multimedia databases and
browsing of large databases. The Scalable Color Descriptor also formed a basis of the
group of frames/pictures color descriptor.

2.3.1.3 Color structure descriptor

This descriptor was a generalization of the color histogram and it provided a
color feature that captured both color content (color histogram) and the color
distribution structure of this content. Its main applications were image-to-image
matching and mainly for still-image retrieval, where an image might consist of either a
single rectangular frame or arbitrarily shaped, possibly disconnected, regions. The
extraction method integrated the color structure information into the descriptor by
investigating colors in a structuring element of 8x8 pixels that slide over the image.
Unlike the color histogram, this descriptor could differentiate between two images
where a given color was presented in identical amounts but with different structure of
the groups of pixels having that color in the two images.
2.3.1.4 Color layout descriptor

This descriptor provides a very compact and resolution invariant representation
of color for high-speed image retrieval. It captured the spatial distribution of colors in
an image. This descriptor was calculated by dividing the image into 64×64pixels
blocks. For each 8×8 block the average value was calculated. Finally, the 8×8 block
was passed to a 2-D Discrete Cosine Transform (DCT).The size of the block was
fixed to 8x8 elements to ensure scale invariance of the descriptor. Applications of this
descriptor included Sketch-based Image Retrieval (SBIR) and content filtering using
image indexing.
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2.3.1.5 Group of frames/group of pictures color

This descriptor provided an extension of the scalable color to be applied on a
group of frames/pictures. The structure of GoF/GoP Color descriptor was identical to
that of scalable color; the exception was only adding aggregation to specify a specific
combination of color pixels from different pictures/frames before constructing the
color histogram.
Several aggregation functions were used, for example average, median and
intersection. The average was calculated as the average of the color histograms for all
the frames/pictures in the group. The median histogram was calculated using the
median value of each histogram bin over the frames/pictures and assigning this value
to the resulting histogram bin. The use of median eliminated the effect of outliers in
the frames/picture groups. So, this descriptor improved retrieval performance in cases
like occlusion, illumination changes etc. The intersection histogram was calculated
using the minimum value of each histogram bin over the frames/pictures and
assigning this value to the resulting histogram bin. The intersection found the
minimum common colors in the frames/pictures. Therefore, it could be used in
applications that require the detection of a high level of correlation in the color.

2.3.2 Texture descriptors
Also MPEG-7 standard defines two three texture descriptors [9] for efficient
extractions of textures. These three texture descriptors were as follows:
a) Homogeneous Texture
b) Edge Histogram
c) Browsing for efficient
2.3.2.1 Homogeneous texture descriptor

Homogeneous texture was an important visual primitive for searching and
browsing large collections having similar looking patterns. One can consider the
image as a mosaic of homogeneous textures. These texture information associated
with regions can be used to index the image data. For example, a user browsing
through an aerial image database may try to find all parking lots in the image
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collection. When viewed from a distance, a parking lot having cars parked at regular
intervals is sort of homogeneous textured pattern, as in an Air Photo. Other examples
include agricultural areas and vegetation patches that may be found in aerial and
satellite imagery.
The Homogeneous Texture Descriptor (HTD) uses 62 numbers (quantified to 8
bits each) to provide a quantitative representation which is useful for similarity
retrieval. To extract this feature, first the image is filtered using Gabor filters which
are a bank of orientation and scale tuned filters (modeled using Gabor functions). The
energy in the frequency domain was used to calculate the first and the second
moments of corresponding sub-bands. These extracted moments are used as the
components of the texture descriptor.
2.3.2.2 MPEG edge histogram descriptor

The edge histogram descriptor describes the spatial distribution of five types of
edges. These edges are four directional edges (vertical, horizontal, 45°, and 135°) and
one non-directional edge. Edges may be used for retrieving images with similar
semantic meaning. By combining edge histogram descriptor with other Descriptors
such as the color histogram descriptor, the retrieval performance might be improved.

2.3.2.3 Texture browsing descriptor

The Texture Browsing Descriptor is used to represent homogeneous texture for
browsing type applications. It is a compact descriptor that required only 12 bits
(maximum). It provides characterization of texture that perceptually similar to a
human characterization, in terms of regularity, coarseness and directionality.
The computation of this descriptor is similar to the HTD. First, a bank of
orientation and scale tuned filters (modeled using Gabor functions) was used to filter
the image; then from the filtered outputs, the most two dominant texture orientations
are identified. Each one of the dominant orientations was represented using three bits.
The computation is accomplished by analyzing the filtered image projections along
the dominant orientations to determine the regularity (quantified to 2 bits) and
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coarseness (2 bits x 2). A combination of this descriptor with the HTD provides a
scalable solution for representing homogeneous texture regions in images.

2.3.3 Gabor wavelet texture
Texture is another salient and indispensable feature for content-based image
indexing and retrieval application through similarity matching of texture features
which are found by calculating the mean and variation of the Gabor filtered image.
Rotation normalization is realized by a circular shift of the feature elements so that all
images have the same dominant direction. The Gabor features provide the best pattern
retrieval accuracy. An application to browsing large air photos is illustrated. The
Gabor filter family essentially performs image representations to be a good fitting to
the receptive field profiles (i.e., the impulse responses of the cells) in the cortex, while
providing optimal localization of image details in a joint spatial and frequency
domain. A rotation-invariant and scale-invariant Gabor representation is presented,
from which each representation only involves a simple modification of the
conventional Gabor filter family for achieving rotation invariance and scale
invariance, individually. For a given image I(x, y) with size r*c its discrete Gabor
wavelet transform is given by a convolution:
Gmn  x, y  

 I ( x  s,
s

*
y  t )  mn
( s, t )

(2.2)

t

*
Where, s and t are the filter mask size variables, and  mn
is the complex conjugate of

 mn

which is a class of self-similar functions generated from dilation and rotation of

the following mother wavelet:
 ( x, y ) 

 1  x2 y 2 
e j 2 WX
exp    2  2  
2 x y
 2   x  y  

(2.3)

where W denotes the modulation frequency. The self-similar Gabor wavelets are
obtained through the generating function:
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where  x and  y characterize the spatial extent and frequency bandwidth of the Gabor
filter, and (W,0) represents the center frequency of the filter in the frequency-domain
rectilinear coordinates (u, v).
~ ~
 mn  a  m   x , y 



(2.4)

Where, m and n specify the scale and orientation of the wavelet respectively, with m =
0, 1, … M-1, n = 0, 1, …, N-1, and


x  a  m  x cos   y sin  


y  a  m  x sin   y cos  
U 
a  h 
Ul 

(2.5)

1
M 1

2.4 Shape Descriptor
Shape is an important visual feature for describing an object. The shape feature is
essential as it corresponds to the region of interest in images. Low-level visual
features are used for representation and retrieval of images. Each object/region within
an image is indexed by object/region-based shape feature vector. The shape feature
vector is invariant to translation, rotation and scaling. The shape of the object is a
binary image representing the extent of the object. The shape can be thought of as a
silhouette of the object. There are many imaging applications where image analysis
can be reduced to the analysis of shapes.

2.4.1 Geometric moments
The geometric moments were first introduced for 2-D gray-level images to generate
the so called moment invariants. These invariants are used in many image processing
and pattern recognition problems .It was derived from the theory of algebraic
invariant. They are sets of moment’s features that remain unchanged under image
translation, rotation, and scaling. Geometric moments technique is chosen to extract
image features since the features generated are Rotation Scale Translation invariant.
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Geometric Moment was successfully applied in aircraft identification, shape
classification, radar images and optical images matching.
Two-dimensional moments of order p  q of an image n  n that has gray
function f  x, y  , where, x , y  0,1 n  1 is
n 1 n 1

M pq     x    y  f  x, y 
p

q

(2.6)

x0 y 0

where p, q=0, 1, 2, 3… n. The moments f  x, y  translated by an amount (a ,b), are
defined as,
 pq    x  a    y  b  f  x, y 
p

x

q

(2.7)

y

where a   x and b   y . The central moments  pq can be computed by substituting
a   x and b   y .
 pq    x  x    y  y  f  x, y 
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an image in the field of view. In terms of moments the orientations of the principal
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nearest to the x axis and is in the range   4     4 . When a scaling normalization
is applied the central moments change as,
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(2.9)

2.4.2 Zernike moments descriptor
The application of Zernike moments on shape overcomes the aforementioned
drawbacks of 1-D FD. Zernike moment descriptor (ZMD) is obtained by using all the
pixel information within a shape region. It does not assume shape boundary
information. ZMD is one of the best shape descriptors among the existing shape
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descriptors. Many works report promising result of ZMD. It has been tested on
MPEG-7 shape databases and thus has been adopted in MPEG-7 as a region-based
shape descriptor. An examination into ZMD reveals that it is essentially a spectral
descriptor which is derived from two dimensional spectral transform of shape on polar
space. The theory of ZMD is similar to FD. However, a more careful analysis on
ZMD reveals that there are two shortcomings in ZMD. First, the bases of ZMD only
contain angular frequency, they do not allow multi-resolution in radial directions.
Second, due to the repetitions in each order of the basis, the number of angular
frequencies reflected at each order is much lower than the number of angular
frequencies reflected at the same order of the basis of FT. This indicates that, with the
same number of ZMD and FT coefficients, ZMD captures less number of features in
angular directions. The complex Zernike moments are derived from Zernike
polynomials:
Vnm ( x, y )  Vnm (r cos  , r sin  )  Rnm ( r )  e jm
Rnm (r ) 

( n |m|) / 2
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where r is the radius from (x, y) to the shape centroid,  is the angle between r
and x axis, n and m are integers and subject to n-|m| = even, |m|n. Zernike
polynomials are a complete set of complex-valued function orthogonal over the unit
disk, i.e., x2 + y2 = 1. Then, the complex Zernike moments of order n with repetition
m are defined as:
Anm 

n 1
*
f ( x, y)  Vnm
( x, y)

 x y

n 1

 f (r cos , r sin )  Rnm (r )  exp( jm ),
 r 

(2.12)
r 1

2.5 Salient Features Content Descriptors
Strong segmentation is a division of the image data into regions in such a way
that region T contains the pixels of the silhouette of object O in the real world and
nothing else, specified by: T=O [3]. Strong segmentation has many difficulties to be
achieved. These difficulties can be circumvented by applying weak segmentation
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techniques where segmentation is targeted by signs or significant properties of the
image. Weak segmentation is a grouping of image data in conspicuous regions T
internally homogeneous according to some criterion, hopefully with

⊂

[3]. Such

signs may be helpful for segmenting the image into the most discriminate salient
regions.
Neisser [103] has developed a vision model that consisted on a two stage
mechanism. The first stage is pre-attentive stage; in this stage distinctive features are
detected. These are local regions in the image that has distinctive spatial discontinuity.
The second stage is the attentive stage where relationships between the distinctive
features are used to group related object regions. There are difficulties in this model
where the grouping stage must reflect the structure of the objects in the images.
Finding the optimal segmentation is difficult because detected distinctive pixel groups
space is too large to search.
Schiele [104] observed that certain feature locations of objects under test are
more discriminating or salient than others. These discriminated locations can be used
to identify an object in a scene. In addition the use of only salient locations can
provide us with a summarized description of the whole image calculated around these
locations.
The idea of saliency has been used in a variety of computer vision algorithms
[1, 63, 64, 67, 70, 72, and 73]. Edge detectors are used to extract object descriptions
having the idea of the significance of the edges toward other parts of the image. A
popular approach that was developed so called interest point detectors [61, 62]. These
detectors are based on the idea of geometric features usually referred to as corners.
One of the most popular approaches for corner detection was the Harris corner
detector [105]. Schmid and Mohrw [106] selected this approach to extract corners
then feature descriptors were extracted at these locations for an image retrieval
application.

2.5.1 Scale Invariant Feature Transform (SIFT)
David Lowe [5] introduced a feature extraction scheme for matching different
images of an object or scene. The extracted features are invariant to image scaling and
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rotation, and partially invariant to change in illumination and 3D camera viewpoint.
This approach was based on four major stages of computations.

2.5.2 Wavelet based salient points
Wavelet transform is used to extract salient points [67]. The wavelet transform
is a multi-resolution representation that represents image variations at different scales.
A set of coefficients at a specific scale 2j+1 are computed with the same points as the
coefficients W2jf(n) of the next down scale. This set of coefficients is called the
children C(W2jf(n)) of the coefficients C(W2j+1f(n)).The most salient wavelet
coefficient from the children set C(W2jf(n)) is one with the highest value. For each
wavelet coefficients in the most down scale 2j, one choose from its children
coefficients in the next scale 2j+1; the coefficient that have the highest value. One
applies this recursively till the finer resolution and chooses those points having the
highest coefficients along the scales. A saliency measure was used as the sum of
absolute values of wavelet coefficients in the track. For fast calculation, the Haar
wavelet is used since it is the simplest wavelet function.

2.6 Composite Feature Descriptors
Multiple features can be extracted from an image related to its color, texture
and shape. Recent advancements [3,107] target the composing of illumination and
scale invariant color and texture information to get better description of image
content. The fusion of several image features is essential to balance between stability
and variations and to provide better discriminatory power.
Many systems have been developed that extract and combine several features;
for example color, shape and texture features are used in QBIC system [6] for
handling the retrieval problem, VIRAGE system [7] supports arbitrary combinations
of these features with weights attached to each, MIRROR [8] image retrieval system
Investigates MPEG7 visual descriptors.
Several descriptors have been developed that extract one image feature and
other approaches combine several natures of visual features to improve description.

48

Chapter (2)

EVALUATION OF RECENT CONTENT-BASED IMAGE RETRIEVAL TECHNIQUES

The need is to extract a local invariant descriptor that is robust with respect to
occlusion and geometrical transformations.
A new composite feature descriptor was proposed by [10] that combined color
and texture in a single quantized histogram. The proposed feature descriptor was
named FCTH. The effectiveness of this method was compared against MPEG-7 color
and texture descriptors.
The fuzzy color and texture histogram is a combination of three fuzzy systems.
Each system output is the input to the next system (figure 2.9). This approach starts by
initially segmenting the image into a number of blocks. The number was chosen 1600
as a compromise between image detail and performance. Then, each block with a
minimum size of 4×4 pixels passes through the three fuzzy systems to determine its
final bin in a 192-bin quantized histogram.
The 192-bin Fuzzy color and texture histogram as shown in figure 2.9 is
resulted from the combination of the 24-bin fuzzy linking histogram and the 8-bin
texture histogram. The combination is done by multiplying each bin of the 8-bin
histogram by the bins of the 24-bin linking histograms. Therefore, the resulted
histogram has a total of 24 ×8=192 bins. A quantization of this histogram was done to
reduce the size of the histogram for efficient matching.
Image Block

10-bins Fuzzy

Wavelet

Linking

Transform

20-bins Fuzzy

Fuzzy Texture

Linking

Linking
+

FCTH

Quantization

Figure 2.9 Combination of fuzzy systems to generate a single color and texture histogram.
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2.7 CBIR Benchmark
The proposed benchmark implement several recent color, shape and texturebased retrieval descriptors, such as the HSV , FCH, MPEG7 standard image retrieval
descriptors, Gabor, Tamura, GMD, ZMD, SFIT and salient wavelet for testing and
comparison purposes. These descriptors are fully implemented and tested in the
proposed CBIR benchmark system. Standard image databases collected by the
research community for testing and benchmarking purposes are being used to show
the effectiveness of our approaches compared with others.

2.7.1 Standard databases
Many authors use their own image sets and retrieval performance measures.
This makes a comparison of retrieval algorithms virtually impossible. During these
thesis two standard databases; the Wang 1000 and the Uncompressed Color Image
Database (UCID), are used that were created especially for the purpose of evaluating
content based image retrieval techniques. Each standard database comes with a set of
standard queries and their associated relevant image results. This set of relevant
images is called the ground truth and has to be defined for the database to carry out
evaluations.
2.7.1 .1 Wang 1000

The Wang database [95] contains 10 categories; each category contains 100
images. The database contains categories having images of complex structures and
others with smooth regions. Each category has images that have occlusion between
objects, changes of illumination and geometric deformations. The MIRROR image
retrieval system [9] defined 20 queries for the Wang database each with a proposed
ground truth.
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Table 2.1 shows the database categories.

ID

Category Name

1

Africa people and villages

2

Beach

3

Building

4

Buses

5

Dinosaurs

6

Elephants

7

Flowers

8

Horses

9

Mountains and glaciers

10

Food

2.7.1.2 UCID

The UCID dataset [120] contains 1338 uncompressed TIFF images. These
images represent a variety of topics including natural scenes and man-made objects,
both indoors and outdoors. The images were taken by a camera, setting its exposure,
contrast, color balance, etc. to automatic as most average users would do. 162
Standard queries with their associated ground truth were defined on the image set and
used in our experiments for evaluating techniques.

2.7.1.3 Deformed Wang

Different deformations are applied on the standard Wang database in order to
evaluate the CBIR descriptors performance against deformations types and levels. The
database contains 2000 images having complex structures and others with smooth
regions. Each category has images that have occlusion between objects, noise (and salt
and pepper, Gaussian, poison and speckle), changes of illumination, geometric
deformations (scaling, rotation and cropping) and blurring.

2.7.2 Performance evaluation of different image descriptors in CBIR
Several measures were proposed to measure the performance of a CBIR
system. Precision and Recall are popular ones. Precision and Recall are metrics to
evaluate the ranking of the images returned by the system for one category [116].
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There is a tradeoff between the precision and recall. The precision curve continue to
decrease or become stationary, and the best precision curve is the one which has the
least decrement, which means that for a certain number of queries carried over the
system, most of the number of images retrieved by the system are relevant to the
query. The recall curve increase and the best recall curve is the one which has the
fastest increment, which means that for a certain number of queries carried over the
system, most of the retrieved images are relevant, and few of them are not.
For a query q having a defined ground truth images over a database R(q), and
let Q(q) be the retrieved result of images for that query. We have precision of the
retrieval that is defined as the fraction of the retrieved images that are indeed relevant
to the query [15].
| ( ) ∩ ( )|
(2.13)
| ( )|
The recall is the fraction of the relevant images that is returned by the query [15].
=

=
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(2.14)

Another measurement is the precision/recall curve. For each number of images
returned by the system, we define a couple (precision, recall). This curve is the set of
all these couples. This curve begins from the top left, continues to decrease regularly
and terminates at the bottom right. The best precision/recall curve is one that
decreases slowly, indicating that a lot of relevant images are returned by the system
and few of them are lost. The size of the category has no effect, allowing different
categories to be compared by this curve.
To evaluate a system over all the categories, top N performance measurements
can be used. When submitting a query, q, to a CBIR system, the system returns N
result list of images sorted based on similarity to the query image, where N is the
number of top similar images. We denote

as the precision of the top N returned

sorted results. The aim of the user after submitting a query is to search for the most
relevant images R(q). The precision
is defined as:

, = 1,2, …
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So, the average precision for all queries performed on a CBIR system for a certain N
number of returned results is defined as:
=

_

_

_

( )
_

(2.16)

, = 1,2, … of the top N results of a query q is defined as:

Similarly, the recall

, ( )
‖ ( )‖

( )=

(2.17)

The average recall for all queries is defined as:
=

_

_

_

( )
_

(2.18)

2.7.3 Image content descriptors evaluation
Many descriptors have been implemented in our system and evaluated to
determine results accuracy toward each other. The top N is used along our
experiments for evaluation purposes.
The MPEG7 color and texture descriptors are evaluated toward each other and
toward the color descriptors, shape descriptors, Salient features descriptors, the fuzzy
color and texture histogram (FCTH) composite feature descriptor. The implementation
of The MPEG7 color and texture descriptors are based on the Caliph and Emir
MPEG-7based Java prototypes [116] for digital photo and image annotation and
retrieval. The SIFT descriptor is implemented in our system based on the
implementation provided in the OSCAR open source system [117].
Results show that the normal 128 bin HSV provide higher precision and recall
than that of the evaluated MPEG7 color and texture descriptors over the Wang
database. The Scale invariant Salient Regions provides higher precision and recall
than other salient descriptors due to its capability to capture the most salient scale
invariant regions. Comparisons show that the FCTH provides higher precision and
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recall than the all descriptor. The integration of color and texture provides better
description for the image content; thus better retrieval accuracy than other techniques
as shown in figure (2.10) and figure (2.11).

Figure 2.10 the top N recall results for different approaches over Wang database

Figure 2.11 the top N precision results for different approaches over Wang database
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2.8 Conclusion
In this chapter, current techniques and concepts of visual content description
are investigated. These techniques are implemented and used in our CBIR system.
Evaluation methods and standard datasets used in comparisons are discussed. The
HSV histogram provides efficient description of color features. The MPEG7 standard
provides several standard color and texture descriptors. The results show that the HSV
histogram provides higher retrieval accuracy than these standard descriptors. The
salient feature descriptors are local descriptors that extract and describe the most
salient points or regions in an image. The experimental results show that region based
salient techniques provide higher retrieval accuracy than other salient description
techniques. The composite feature descriptors integrate several features in a single
descriptor. The fuzzy color and texture histogram is a composite descriptor that
combines both color and texture features in a single descriptor. The experimental
works show that this technique has higher image retrieval accuracy toward other
techniques. According to the experimental results, image features need to be
integrated to provide more accurate description of image content and better image
retrieval accuracy.
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3.1 Introduction
This chapter proposes integration between YCbCr color histogram as a color
descriptor, modified Fourier descriptor as a shape descriptor and modified edge
histogram as texture descriptor which improves the overall retrieval result. An
explanation of the utilized YCbCr color content descriptor is provided in Section 3.2.
Then, the use of Bhattacharyya distances between the YCbCr histograms to measure
the similarities between images is discussed. Moreover, the evaluation of the YCbCr
color descriptor with respect to other recent color descriptors is shown.
Section3.3 discusses a modification of the edge histogram descriptor (EHD)
which describes the spatial distribution of the edges. In addition, the modified
Euclidean distance is used along with the EHD to measure the distance between
images. Then, evaluation of the proposed texture with the other recent texture
descriptors is explained.
A modification of the Fourier shape descriptor is explained in Section 3.4.
Then, to measure the similarities between images, the histogram intersection distance
of the shape descriptor is used. Moreover, the performance of the modified shape
descriptor compared with the other recent shape descriptors is shown.
Section 3.5 gives a description to the proposed image retrieval system, where
three descriptors of different types can be integrated for an image description. Finally,
the performance of the proposed CBIR system using the proposed integrated
descriptors is evaluated.
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3.2 Color Features Representation
Color features are important and extensively used low-level features in content
description and retrieval. Its popularity comes from the robustness to noise, resolution,
orientation and resizing. Due to their little semantic meaning and its compact
representation, color features tend to be more domain independent compared to other
features. There are different color spaces such as, RGB, HSV, Lab; which are
mentioned in chapter 2, and YCbCr that is demonstrated in the next section.

3.2.1 YCbCr Color Space
The YCbCr color space is used for component digital video and was developed as part
of the ITU-R BT.601 recommendations. YCbCr is broadly utilized in video compression

standards [119]. YCbCr is a family of color spaces used in video systems. YCbCr is one
of two primary color spaces used to represent digital component video (the other is
RGB).
YCbCr color spaces have been presented to improve color consistency and
segmentation. The YCbCr color space was chosen for this investigation after
performing many tests in the RGB, HSI, and HSV color spaces. The Y in YCbCr
denotes the luminance component, and Cb and Cr represent the chrominance factors.
The difference between YCbCr and RGB is that YCbCr represents color as brightness
and two color difference component values, while RGB represents color as red, green
and blue component values. In YCbCr, the Y is the brightness (luma), Cb is blue minus
luma (B − KbY) and Cr is red minus luma (R − KrY ). The conversions from YCbCr to
RGB and from RGB to YCbCr are illustrated in equations (3.1) and (3.2). When
converting the RGB components into YCbCr form, the RGB components are scaled
and rounded, and offsets are typically added. On the other hand, when converting the
YCbCr components into RGB form, the YCbCr components are scaled and rounded,
and offsets are typically subtracted. For example, the scaling and offset applied to the
Y component result in the value of 16 for black and the value of 235 for white when
using an 8-bit representation.
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The YCbCr space is preferred for the following reasons. The luminance
component Y of YCbCr is independent of the color, so can be adopted to solve the
illumination variation problem and it is easy to be implemented. The skin color cluster
is more compact in YCbCr than in other color space [120]. YCbCr has the smallest
overlap between skin and non-skin data in under various illumination conditions.
The conversion from RGB into YCbCr
Y  0.257 0.504 0.098   R  16 
C    0.148  0.291 0.439  G   128
 b 
   
Cr  0.439  0.368  0.071  B  128

(3.1)

The conversion from YCbCr into RGB
1.598  Y  16 
 R  1.164 0.000
G   1.164  0.329  0.813 Cb  128
  


 B  1.164 2.017
0.000  Cr  128 

(3.2)

Possible RGB colors occupy only part of the YCbCr color space (see Figure (3.1))

Figure 3.1 RGB colors cube in the YCbCr space

3.2.2 Color histograms
A color histogram is a global statistical descriptor that carries the statistical
information of the three components of the used color space in order to represent the
distribution of colors in an image. A histogram-based retrieval system requires a
suitable perceptually uniform color space.
Using color histograms in image retrieval have both advantages and limitations
[28]. The advantages are:
a. Robust; since color histograms are rotation and scale invariant,
b. Straight forward to implement,
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c. Fast; since the histogram computation has O (M2) complexity for an
MxM image, while a histogram comparison has O (n), where n is the
number of histogram bins, and
d. Low storage requirements; as the color histogram size is much smaller
than the size of the image itself.
However, color histograms limitations include:
a. Vulnerable to lighting variations, and
b. Having no spatial information of the color distribution; so the problem
of two completely different images having similar histograms may arise.
In order to define a color histogram, let be an
the image may have one of

image. Each pixel,

colors of the set

. Let

of
that is,

be the set of pixels of image ,

which are of color . Using this notation a histogram, HI(i), for an image, is given by
[28], where, the term
of pixels with color

is the percentage of number

to total number of pixels in the image I. So, a color histogram

provides a statistic that measures the frequency with which each color appears in the
image. In constructing such a histogram, the lake of the spatial distribution of colors
can lead to erroneous similarity results between images.
The proposed CBIR system overcomes the lake of the spatial distribution of
color histogram by integrating it with texture and shape descriptors. The vulnerable to
lighting variations are solved by using the YCbCr histogram which is illumination
invariant as aforementioned.

3.2.3 The proposed YCbCr histograms
The histogram relays on an underlying YCbCr color space and uses its
components to determine the probability that a certain color exists in an image. In
constructing an YCbCr histogram, each component of the YCbCr histogram is
quantized into a certain number of regions.
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An important aspect in building a color histogram is the quantization of the
color space into certain levels that represent the histogram bins. The number of
quantized levels affects both the similarity measure between colors and the size of the
feature vector. Too many bins mean that similar colors with tiny shads are treated as
dissimilar and generate a large size feature vector that needs large storage space. Too
little bins mean that dissimilar colors are treated as similar and generate a small size
feature vector that needs small storage space.
To implement an YCbCr histogram, the luminance (Y) is quantized into eight
regions, whereas each of the chromic components Cb, and Cr are quantized into four
regions. The three quantized color components then are linked, thus creating a 64-bins
(8x4x4) histogram as shown in figure (3.2) .

3.2.3.1 Similarity measure of YCbCr histogram

The histogram comparison methods provide a similarity measure for matching
images based on their extracted histogram. To measure the distance between two
images, the Bhattacharyya distance is computed between their relative YCbCr
histograms [99]. For certain query image, the Bhattacharyya distance of each database
images is used as the score of that image relative to the query image. This
Bhattacharyya distance is a probabilistic distance measure that provides an estimate of
the probability of correct classification between spectral classes. This distance
overpasses zero histogram entries. The Bhattacharyya distance is given by:
(3.3)
where,

represents the query histogram,

one database image, and

represents the compared histogram of

represents the number of bins.
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component

component

Figure 3.2 Construction of 64-bins YCbCr histogram

3.2.4 Evaluation of the YCbCr color histogram descriptor
The YCbCr color histogram descriptor is compared with the HSV histogram,
Auto Color Correlogram (ACC) and MPEG7 color descriptors.The experiments are
performed on Wang, UCID standard database. The top N precision and recall
comparisons have been used to evaluate the performance of the proposed approach
compared with the performance other approaches. These metrics consider that a set of
relevant images called the ground truth are defined for each test query. As aforesaid in
chapter 2, the precision of the retrieval is defined as the fraction of the retrieved
images that are relevant to the query from the set of returned images. The recall is the
fraction of the relevant images that is returned by the query from the ground truth.
These metrics are measured only for one query. To evaluate a system for several
queries; the mean recall and mean precision measure the precision and recall for set of
queries. The top N comparison computes the mean precision and recall for a set of
queries for the top N returned results. In this comparison, N ranges from 5 to 50 with
increasing step of 5.
In addition to the SCD, CLD, CSD, HSV and ACC color descriptors, the
YCbCr color histogram descriptor are implemented in the proposed CBIR benchmark.
The top N precision results of YCbCr histogram descriptor and the other recent
descriptors using Wang database are shown in figure (3.3). The top N recall results of
YCbCr histogram descriptor and the other recent descriptors using Wang database are
shown in figure (3.4). Figure (3.5) and figure (3.6) show the top N precision and recall
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results respectively for YCbCr histogram descriptor and the other recent descriptors
using UCID database. Performance comparison results illustrate that the 64 bin YCbCr
histogram descriptor provides the highest precision and recall among other evaluated
color descriptors using the Wang and UCID databases.

3.3 Texture Feature Representation
Texture refers to the visual patterns that have properties of homogeneity that do
not result from the presence of only a single color or intensity. It is a native property
of virtually all surfaces, including clouds, trees, bricks, hair, and fabric [28]. Texture
is a powerful discriminating feature but it is more complex than color. Several models
had been proposed to represent texture features.

3.3.1 Modified edge histogram descriptor
The Edge Histogram Descriptor (EHD) describes the spatial distribution of five
types of edges. These edges are four directional edges (vertical, horizontal, 45°, and
135°) and one non-directional edge. Spatial distribution of edges in an image is useful
texture descriptor for retrieval from other images with similar semantic meaning. The
EHD represents local edge distribution in the image. This descriptor is computed as
follow, first partitioning the image into 16 equal-size sub-images regardless of the size
of the original image. for each sub image, a 5 bins histogram for edge distribution is
generated corresponding to the directional and non-directional edge types. Since there
are 16 sub-images in the image, a total of

bins histogram is created as

shown in figure (3.7). The local edge histogram is not sufficient to achieve a high
retrieval performance alone. Edge distribution information for the whole image and
some horizontal and vertical semi-global edge distributions are needed as well.
Therefore, the efficient edge histogram was introduced in [102] to represent global
and semi-global edge distributions. The proposed CBIR system uses the local
histogram, the global and some semi-global edge histograms. The global edge
histogram represents the edge distribution for the whole image space. The semi-global
edge histograms cluster four connected sub-images as shown in figure (3.8).
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Figure 3.3 The top N precision results for YCbCr compared to other approaches using Wang database.

Figure 3.4 The top N recall results for YCbCr compared to other approaches using Wang database.
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Figure 3.5 The top N precision results for YCbCr compared to other approaches using UCID database.

Figure 3.6 The top N recall results for YCbCr compared to other approaches using UCID database

Each of 13 different clusters generates edge distributions for five different edge
types. The bin values for all global and semi-global histograms obtained directly from
the local histogram. The 13 clusters used for the semi-global histogram represent the
edge distributions in larger areas. The clusters from 1 to 4 characterize the vertical
edge connectivity. Similarly, clusters from 5 to 8 represent the horizontal edges. The
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overall edge histogram is shown in figure (3.9). A flower query image, and its edge
extraction and histogram are shown in figure (3.10).

Sub-image

Image-block

Figure 3.7 Definition of sub-image and image-block

Figure 3.8 Clusters of sub-images for semi-global histograms

Figure 3.9 Overall histogram semantics

(a)

(b)

(c)

Figure 3.10 (a) Flower query image, and its (b) Edge extraction and (c) Histogram
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3.3.1.1 Similarity measures of EHD

The L-norm distance is modified to be used along with the EHD to measure the
distance between images; this distance is used as the global score of the image. For
similarity matching, the modified distance measure of EHD is used as in the next
equation:
H 1, 2  
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i 0
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2

(3.4)

To normalize the value between 0 and 1
Hn 

H 1, 2 
8  (80+5  5+13  5)

(3.5)

where Hn represents the normalized histogram bin values of image 1 and 2. While,
h1g  i  and h g 2  i  represent the bin values for the global edge histograms which are

obtained from the corresponding local histograms h1  i  and h2  i  , respectively. But,
h1s  i  and h2s  i  represent the histogram bin values for the semi global-edge

histograms, respectively.

3.3.2 Evaluation of the efficient EHD
The proposed texture descriptor is compared with Tamura, Gabor wavelet and
MPEG7 EHD descriptors. Each texture descriptor is used to retrieve the standard
queries used in both Wang and UCID databases. The top N precision and recall results
are computed and shown in figures (3.11), and (3.12) for Wang database, and figures
(3.13) and (3.14) for UCID database.
Results show that the efficient EHD provides the highest precision and recall
with respect to other evaluated texture descriptors over the Wang and UCID
databases.
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Figure 3.11 The top N precision results for the efficient EHD compared to other texture descriptors over Wang
database

Figure 3.12 The top N recall results for the efficient EHD compared to other texture descriptors over Wang
database
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Figure 3.13 The top N precision results for the efficient EHD compared to other texture descriptors over
UCID database.

Figure 3.14 The top N recall results for the efficient EHD compared to other texture descriptors over UCID
database.

3.4 Shape Feature Representation
Shape features represent the geometric information of image objects or regions.
The image has to be segmented into regions or objects to extract meaningful shape
features. Shape descriptions are an important task in content-based image retrieval. It
is a mapping that converts the shape space into a vector space and satisfies the
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requirement that two similar shapes will also have close-to-identical shape descriptors
[9].
The shape description methods are classified into either boundary-based or
region-based. Region shape features segment the image into regions and get the
distribution of region pixels. On the other hand, boundary shape features describe the
shape properties of an object contour. To extract a good shape representation; the
feature should be invariant to translation, rotation and scaling. Also the shape features
should have noise resistance and still identify objects in existence of occlusion.

3.4.1 Fourier shape descriptor
Fourier Descriptors (FDs) prove to be better than other techniques in terms of
computation complexity, robustness, easy normalization and retrieval performance
[10]. FDs are achieved by applying Fourier transform on a shape signature. The
Fourier transformed coefficients are called the Fourier descriptors of the shape. The
shape signature is a one dimensional function which is derived from shape boundary
coordinates. The centroid distance is used as a shape signature. At first, the FD is
computed to obtain the boundary coordinates (x (i), y (i)), i = 0, 1, … N-1, where N is
the number of boundary points. The centroid distance function is expressed by the
distance of the boundary points from the centroid (xc, yc) of the shape as



d  i    x (i )  x c    y (i )  y c 
where, xc 

1
N



2 1/2

2

N 1

 x(i) ,

yc 

i 0

1
N

, i  0,1,, N  1

(3.6)

N 1

 y(i) .
i 0

The Fourier transform of d  i  is obtained and rewritten as follows

an 

1
N

N 1

  j 2 ni
N

 d (i ) exp
i 0


, n  0,1,, N  1


(3.7)

The coefficients an, n = 0, 1, …, N-1, are used to derive Fourier descriptors
(FDs) of the shape. To achieve rotation invariance, phase information of the an are
ignored and only the magnitudes an are used. Scale invariance is obtained by
dividing the magnitudes by the first coefficient, a0. The following feature vector is
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used as the Fourier descriptor to represent the Shape using the first N/2 coefficients
since the real signals have a conjugate symmetric Fourier series.

a a
a 
FD   1 , 2 , , N /2 
a0 
 a0 a0

(3.8)

3.4.1.1 Similarity measures of Fourier shape descriptor

The histogram intersection method is robust in respect to changes in image
resolution, histogram size, occlusion, and viewing point. The histogram intersection is
used to measure the distance between images. The normalized histogram intersection
similarity measure is used described by:
H HQ , HC  

 min  H  i  , H  i  
Q

C

i

(3.9)



min   H Q  i  ,  H C  i  
 i
i


where HQ(i) and HC(i) represent the FD normalized coefficients histograms of the
query and compared images, respectively, and i represents the number of bins.

3.4.2 Evaluation of the modified Fourier shape
The modified shape descriptor is compared with geometric invariant wavelet
and Zernike moment descriptor.
Each shape descriptor is used to retrieve the standard queries used in both
Wang and UCID databases. The top N precision and recall results are computed and
shown in figure (3.15) and figure (3.16) for Wang database, and figure (3.17) and
figure (3.18) for UCID database.
Results show that the FD shape descriptor provides the highest precision and
recall with respect to other evaluated shape descriptors over the Wang and UCID
databases.
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Figure 3.15 The top N precision results for proposed approach compared to other approaches over Wang
database

Figure 3.16 The top N recall results for proposed approach compared to other approaches over
Wang database
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Figure 3.17. the top N precision results for proposed approach compared to other approaches over
UCID database

Figure 3.18 The top N recall results for proposed approach compared to other approaches over
UCID database

3.5 The proposed Image Retrieval System
The proposed approach combines the YCbCr histogram, edge histogram and the
Fourier shape descriptors. The YCbCr histogram descriptor is applied globally on the
whole image to capture the color information from all the pixels of the image. The
Bhattacharyya distance is used along with the YCbCr histogram to measure the
distance between images. The edge histogram extracts the texture information, while
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the FD shape descriptor extracts the shape information. The final score between two
images is given by
Final Score  w1  Color Score  w2  Texure Score  w3  Shape Score

(3.10)

where, W1, W2 and W3 are the weights for YCbCr histogram , EHD and the FD shape
descriptor. This score increases with the increase of similarity to the query image. In
our experiments, W1, W2 and W3 are equal to one; giving an equal importance to the
description of an image.

3.6 Experimental Work
The experiments are performed on the 1000 image Wang database [95], the
UCID [120] and deformed Wang database. The results of the proposed approach are
compared with the results of using lonely each one of YCbCr color, modified EHD,
and modified FD shape descriptors. Moreover, the proposed approach is compared
with the FCTH composite descriptor [10].
To evaluate the performance of the proposed approach, the precision and recall
comparisons have been used [3]. These metrics consider that for each test query, a set
of relevant images called the ground truth are defined. The MIRROR image retrieval
system [8] separated the Wang database in 20 queries each with a proposed ground
truth. Theses 20 queries didn’t cover all Wang database categories so they have been
extended to 40 queries that cover all database categories. The UCID [120] assigned a
ground truth composed of 162 queries with their defined most relevant images. The
proposed deformed Wang database assigns ground truth of 40 queries with their
defined most relevant images.
Figures (3.19 and 3.20) show the top N precision and the top N recall results
for proposed approach compared to other approaches over Wang database. Figure
(3.21 and 3.22) illustrate the mean precision and the mean recall for each category in
the Wang database. Figure (3.23 and 3.24) show the comparison of the top N
precision and the top N recall evaluated over the UCID. It is obvious that the proposed
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integrated descriptors is more accurate for queries having complex spatial structure
and for queries having large smoothed regions.
The same compared descriptors are evaluated over the deformed Wang
database as shown in figures (3.25, 3.26, 3.27 and 3.28). due to the deformations, a
drop of the precision and recall of our proposed combination is shown but it still better
than the others techniques. To solve this problem, salient regions that capture the most
scale invariant complex regions in image can be used.

Figure 3.19 The top N precision results for proposed approach compared to other approaches over Wang database
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Figure 3.20 The top N recall results for proposed approach compared to other approaches over Wang
database

Figure 3.21 The mean precision for each category in the Wang database
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Figure 3.22 The mean recall for each category in the Wang database

Figure 3.23 The top N precision results for proposed approach compared to other approaches over UCID
database
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Figure 3.24 The top N recall results for proposed approach compared to other approaches over UCID
database

Figure 3.25 The top N precision results for proposed approach compared to other approaches over deformed
Wang database
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Figure 3.26 The top N recall results for proposed approach compared to other approaches over deformed
Wang database

Figure 3.27 The mean recall for each category in the deformed Wang database
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Figure 3.28 The mean precision for each category in the deformed Wang database

3.7 Conclusion
In this chapter, a new approach for image retrieval that integrates the proposed
YCbCr color histogram, modified EHD and the FD shape descriptors is presented. The
new approach extracts the YCbCr histogram as global statistical descriptor that
represents the distribution of colors in an image. A Bhattacharyya distance is used as a
similarity measure to detect the color descriptor rank. The Modified EHD used to
extract texture information of an image. The FD shape descriptor extracts the
boundary information of an image. The experimental results showed that this
combination provides more accurate results than using lonely color, texture or shape
descriptors. This combination also provides more accurate results than fuzzy color
and texture histogram composite descriptor FCTH.

The proposed approach is

accurate in retrieving images even in the presence of geometric deformations or large
occlusion and noise. The recommendation of the integration between global and local
features has been explored by combining our approach with another local feature.
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INTGRATED CBIR SYSTEM BASED ON
GLOBAL AND LOCAL FEATURES
4.1 Introduction
Content-Based Image Retrieval (CBIR) is a challenging task which retrieves
the similar images from the large database. Most of the CBIR system uses the global
features such as color, texture and shape to extract the features from the images.
Recently, the local features (Interest points) are used to extract the most similar
images with different viewpoints and different transformations. Local descriptors
depict a pixel in an image through its local neighborhood content which should be
distinctive and robust to changes in viewing environment.
The Speed-Up Robust Feature (SURF) is an extracting and describing
technique of image local features. SURF finds and describes the corresponding points
between images with different viewing conditions. Unlike those global feature
descriptors, such as SCD, CLD and EHD which use a single global feature vector to
represent an entire image, local descriptors, such as SURF and SIFT, search for
distinctive locations, that is, the so called interest points, in an image and then
generate vectors to represent the interest points[121].
The local descriptors have found their applications in the areas of object
recognition, 3D reconstruction, sub-image detection and content-based image retrieval
[122].This chapter presents a scale- and rotation-invariant interest point detector
called SURF (Speeded up Robust Features).
SURF is a fast and robust algorithm for local, similarity invariant image
comparison and representation. SURF selects interest points of an image from the
salient features of its linear scale-space, then local features based on the image
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gradient distribution is built [123]. This thesis provides a detailed analysis of the
SURF descriptors for CBIR, and explore whether rotation invariant descriptors are
helpful for image retrieval.
Section 4.2 gives brief description about the proposed global feature. These
descriptors are ycbcr color histogram, EHD and FD descriptors. Section 4.3 explains
the SURF algorithm; moreover, it shows the effect of geometric deformation in the
results. Section 4.4 illustrates the proposed CBIR system which integrates between the
global and local features. Finally the methods of evaluating our system and proposed
approach are overviewed.

4.2 Global Features
Color, texture and shape information have been the primitive image
descriptors in content based image retrieval systems. The previous chapter presents a
framework for combining all the three i.e. color, texture and shape information, and
achieve higher retrieval efficiency. Global features related to color or texture or shape
are usually used to provide a low level description of image content. The global
features cannot capture all parts of the image having different characteristics.
Therefore, local feature of image information is necessary. The combination of the
color, texture and shape features with salient points provide a robust feature set for
image retrieval.

4.3 Local Features
Local descriptors depict a pixel in an image through its local neighborhood
content which should be distinctive and robust to changes in viewing environment or
deformations or localization errors. Local Features find the corresponding pixel
locations in images which compute the same amount of information about the spatial
intensity patterns under different conditions [124].
Local descriptors have been extensively used in CBIR systems, where their
robustness to geometric deformation and transformations allows the identification and
recognition of a target object with great reliability. However their application to the
retrieval of complex categories is challenging due to excessive computation time. In
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the retrieval and classification of images, the images may be described either by a
single descriptor or a set of descriptors. In the former case, when a single descriptor
computes the entire information of the image, it is a global descriptor. In the latter
case, the descriptors are associated to different features of the image (regions, edges or
small patches around points of interest) and are called local descriptors. Local
descriptors have been initially proposed to solve problems in computer vision, from
point matching in stereovision, to object detection [125].

4.4 Speeded up Robust Features (SURF)
The speeded up robust features algorithm is a scale and rotation-invariant
interest point detector and descriptor which are computationally very fast. The
detector locates the interest points in the image, and the descriptor depicts the features
of the interest points and constructs a distribution of Haar-wavelet responses within
the interest point neighborhood as feature vectors of the interest points [126].
The performance of SURF is increased by using the integral image. This
integral image is computed rapidly from an input image which led to speed up the
calculation of the interest points. The major computational steps of SURF algorithm is
as follows:
 Interest point detection,
 Interest point description,
 Feature matching.

4.4.1 Interest point detection
The use of integral images reduces the computation time extremely. Due to its
good performance in accuracy, Hessian matrix approximation is used in the interest
point detection [127].
This chapter brieﬂy explains the concept of integral images. They allow for
fast computation of box type convolution ﬁlters . The entry of an integral image
T
U  ( X ) at a location X   x, y  represents the sum of all pixels in the input image U

within a rectangular region formed by the origin and X as shown in figure (4.1).
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j y

 u(i, j )

(4.1)

j 0

After the integral image computation, three additions are performed to calculate
the sum of the intensities over any upright rectangular area. Hence, the calculation
time is independent of its size.

Figure 4.1 Integral images

Given a point X =(x, y) in an image U, the Hessian matrix H  X ,   in X at scale σ is
defined as follows
 Lxx  X ,  
H  X ,   
 Lxy  X ,  

Lxy  X ,   

Lyy  X ,   

(4.2)

where, Lxx  X ,   is the convolution of the Gaussian second order derivative
2
g ( ) with the image U in point x, and similarly for Lxy  X ,   and L yy  X ,   .
x 2

Gaussians are optimal for scale-space analysis [128, 129]. However, they have to be
discretizied and cropped in practical implementations which causes a repeatability
loss in image under rotations around odd multiples of  2 . In general, this
drawback maintains for Hessian-based detectors. The approximation for the Hessian
matrix with box filters is used as shown in figure (4.2). These
order

Gaussian

computational

approximate second

derivatives (Dxx, Dyy , and Dxy) evaluated at a very low

cost using integral images. Therefore, the computation time is

independent of the filter size. The weights applied to the rectangular regions are kept
straightforward for computational efficiency. This yield
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det  H approx   Dxx Dyy  ( wDxy ) 2

(4.3)

where, w ≈ 0.9. The relative weight, w, of the filter responses is used to balance the
expression for the Hessian’s determinant. Figure (4.3) shows an example of the
detected interest points using the Hessian detector.

Figure 4.2 Hessian based key point detector

4.4.2 Interest point description
The SURF descriptor depicts the distribution of the intensity content within the
interest point neighborhood. The distribution of first order Haar wavelet responses in
x and y directions is used taking advantage of integral images for speed. This reduces
the time for feature computation and matching.

(a) Horeses image
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(b) Bluiding image

(c) Toyes image

(d) Image having change of illumination
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(f) Image having geometric deformation
Figure 4.3 SURF interest points for different images

In order to be invariant to image rotation, a reproducible orientation of the
interest points has been identified. For that purpose, the Haar wavelet responses are
calculated in x and y directions within a circular neighborhood of radius 6s around the
interest point, with s the scale at which the interest point was detected. The used filters
are shown in sigure (4.4) only six operations are needed to compute the response in x
or y direction at any scale.

Figure 4.4 Haar wavelet filters to compute the responses in x (left) and y direction (right).

For the extraction of the descriptor, the ﬁrst step consists of constructing a
square region

centered

around the interest point

and

oriented along the

orientation selected.
To preserve important spatial information, the region is split up regularly into
smaller 4 x 4 square sub-regions. For each sub-region, the Haar wavelet responses are
computed at 5x5 regularly spaced sample points. The Haar wavelet responses in
horizontal and vertical directions are called dx and dy, respectively. To increase the
robustness against geometric deformations and localization errors, the responses dx
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and dy are first weighted with a Gaussian standard deviated by  =3.3s centered at the
interest point.
Then, the summation of the wavelet responses dx and dy over each sub-region
forms a first set of entries in the feature vector. To gain information about the polarity
of the intensity changes, the absolute values of the responses is summed up. Hence,
each sub-region has a 4D descriptor vector V for its underlying intensity structure and
is defined as follows
V

  d ,  dy,  d ,  d 
x

x

(4.4)

y

Concatenating each V for all 4 x 4 sub regions forms a descriptor vector of
length 64. The wavelet responses are illumination-invariant. Contrast-invariant is
achieved by turning the descriptor into a unit vector. The properties of the descriptor
for three distinctively different image-intensity patterns within a sub-region are shown
in figure (4.5). Figure (4.6) demonstrates the SURF interest point descriptors for
horses, building, toys, illuminated and deformed images.

Figure 4.5 The descriptor entries of a sub-region represent the nature of the underlying intensity
pattern.

(a) Horeses image
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(b) Building images

(c) Toys image

(d) Images having change of illumination
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(e) Image having geometric deformation
Figure 4.6 SURF interest points descriptor for different images

4.4.3 SURF descriptors matching
Matching the SURF descriptors of both images is done by a nearest neighbor
(NN) algorithm which classifies objects based on closest training examples in the
feature space. The NN algorithm is among the simplest machine learning algorithms.
The NN works as follows: first, training process creates a database of the objects, for
which we already know what the correct classification should be. Then, when the
system is given a query, i.e., a new object to classify, the classification process simply
finds the nearest neighbor of the query in the database, i.e., the database object that is
the most similar to the query. Then, the system classifies the query as belonging to the
same class as its nearest neighbor. Figures (4.7-4.13) illustrates the matching between
pairs of original images and their deformed ones.

Figure 4.7 Matching between original image and noisy image
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Figure 4.8 Matching between original image and blurred image

Figure 4.9 Matching between original image and cropped image

Figure 4.10 Matching between original image and scaled and rotated image

Figure 4.11 Matching between two image having different view
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Figure 4.12 Matching between two image having different zoom

Figure 4.13 Matching between two image having different illumination

4.5 The Proposed Image Retrieval System
The proposed approach combines the proposed CTSD descriptor which is
applied globally on the whole image with the SURF descriptor which locally extracts
salient points. The final score between two images is given by
finalScore w1  global score w2  localscore

(4.5)

where, w1 and w2 are the weights for global and local features. This score increases
with the increase of similarity to the query image. In our experiments, w1 and
equal to one each; giving an equal importance to the description of an image.
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4.6 Experimental Work
Figure 4.14 and figure 4.15 shows evaluation of the top N precision and the top
N recall results for SURF descriptor compared to SIFT and wavelet salient point over
Wang database. Figure 4.16 and figure 4.17 demonstrate the mean precision and the
mean recall for each category in the Wang database. The SURF provides higher
precision and recall than other salient descriptors due to its capability to capture the
most salient scale invariant regions. The need to capture both local and global features
is necessary to better describe image content.
To solve this problem, one need to use SURF salient points integrated with
global features (color, texture and shape).
Figure 4.18 and figure 4.19 shows evaluation of the top N precision and the top
N recall results for the proposed integrated CBIR approach (CTSD&SURF) compared
to other approaches over Wang database. Figure 4.20 and figure 4.21 show the mean
precision and the mean recall for each category in the Wang database. Figure 4.22 and
figure 4.23 present the same comparison evaluated over the UCID database. Figure
4.24, figure 4.25, figure 4.26 and figure 4.27 shows the same comparison evaluated
over the deformed Wang database. Comparing with the proposed combined color,
texture and shape descriptor (CTSD), and the FCTH descriptor; the proposed
integrated (CTSD&SURF) approach is more accurate for complex spatial structure
queries and for queries with large smoothed regions over all types of category (Wang,
UCID and deformed).
It is obvious that, integrating the SURF with the CTSD overcomes the CTSD
performance degradation in case of the deformed Wang database.
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Figure 4.14 The top N precision results for proposed approach compared to other approaches over Wang database

Figure 4.15 The top N recall results for proposed approach compared to other approaches over Wang database
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Figure 4.16 The mean precision for each category in the Wang database

Figure 4.17 The mean recall for each category in the Wang database
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Figure 4.18 The top N precision results for proposed approach compared to other approaches over Wang database

Figure 4.19 The top N precision results for proposed approach compared to other approaches over Wang database
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Figure 4.20 The mean precision for each category in the Wang database

Figure 4.21 The mean precision for each category in the Wang database
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Figure 4.22 The top N precision results for proposed approach compared to other approaches over UCID database

Figure 4.23 The top N recall results for proposed approach compared to other approaches over UCID database
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Figure 4.24 The top N precision results for proposed approach compared to other approaches over deformed Wang
database

Figure 4.25 The top N recall results for proposed approach compared to other approaches deformed Wang database

98

Chapter (4)

INTGRATED CBIR SYSTEM BASED ON GLOBAL AND LOCAL FEATURES

Figure 4.26 The mean precision for each category in the deformed Wang database

Figure 4.27 The mean recall for each category in the deformed Wang database
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4.7 Conclusion
In this chapter, a CBIR approach is presented for image retrieval that integrates
SURF (local), color, texture and shape (global) descriptors. The proposed approach
extracts image salient points and integrates them with the proposed global features.
The NN matching algorithm is used as a similarity measure to compute the final
image rank. The integration between global and local features is introduced by
combining SURF approach with the CTSD global descriptor. By extracting the most
complex regions in images, the proposed approach is accurate in retrieving images
even in the presence of geometric deformations or large occlusion and noise. The
experimental results showed that this combination provides more accurate results than
other recent techniques.
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Chapter (5)
REGION-BASED SEGMENTATION FOR
EFFICIENT IMAGE RETRIEVAL
5.1 Introduction
In chapter 4, the need for a composite image features description in searching a
huge image repository has been emphasized.
Region-based segmentation has been used in Content-based image retrieval
(CBIR) and still an active research area [130,131]. Despite traditional approaches,
which rely only on the images global features, the region-based segmentation methods
describe region contents and extract features of the segmented regions where
similarity comparisons are performed at the granularity of region.
Segmentation techniques part an image into a set of homogeneous and
meaningful regions, such that each partitioned region contains pixels possessing an
identical set of properties or attributes. These sets of properties may include color,
contrast, spectral values, or textural properties. The result of segmentation is a number
of homogeneous regions, each having a unique label. An image is thus defined by a
set of regions that are connected and non-overlapped, so that each pixel in the image
acquires a unique region label that indicates the region it belongs to.
This chapter proposes a new region based Segmentation technique that
segments an image to the most general principal regions. The proposed technique
provides an efficient region based segmentation. A segmentation resolution signifies
the number of detected principal regions. Low resolution segmentation partitions an
image into a small number of principal regions and effective for images having large
smooth regions. High resolution segmentation segments an image into a large number
of principal regions and effective for images having complex spatial structure.
The proposed CBIR technique is integration between a new region-based
segmentation as local descriptor and CTSD as global descriptor which presented in
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chapter 3 to provide efficient retrieval for large collections of images. This CBIR
technique begins with performing morphological operations on each image of the
dataset. The morphological operations [132] smooth the contours of objects and break
narrow isthmuses and eliminate thin protrusions. In addition, they fuse narrow breaks
and fill gaps in the contour and eliminate small holes. The process is described in
section 3. After this enhancement an ycbcr color quantization is applied to eliminate
the differences of color shades existed between similar regions. Thus, the neighboring
regions with the same color attributes are fused. The process is described in section 4.
To control the number of general principal regions, firstly, region labeling [133]
is performed, secondly the regions are sorted based on their size, and finally, a
specific resolution is selected to combine small regions with larger ones based on the
color criteria. These processes are described in section 5. After extracting the principal
regions, CTSD color, texture and shape composite feature descriptor is used as a
global descriptor for each region. Section 6 describes this operation. Section 7
describes the spatial relationship between the detected principal regions by
constructing a nearest neighbor graph [134] in which each region and its associated
descriptor is a node in the graph. Then, a greedy graph matching algorithm with a
scoring function is applied to determine the final image rank. Section 8 provides the
experimental results of an image retrieval system that implements the proposed
retrieval descriptor and shows the effectiveness of our approach compared to other
approaches. Finally the conclusion is given in Section 9.

5.2. Recent Region-based Segmentation Approaches
A variety of approaches have been developed to do region-based segmentation.
These approaches differ in the way they use to segment regions. The watershed
transform [135] is one of the popular methods used for this purpose. This approach
operates on gray level images and split its surface into so-called catchment basins.
From geographic concepts, a drop of water falling on a surface will go down until it
reaches one of the surface deep bottoms. The catchment basin is the set of all points
leading to the same bottom. Catchment basins are usually initialized by seeds (one or
more pixels from the bottom of the basin). The watershed transforms starts by
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flooding the image from the seeds. Dams are built when basins encounter each other.
These dams form the watershed and the basins form the regions. The basic watershed
algorithm is highly sensitive to gradient noise; it usually results in over-segmentation
as shown figure 5.1. The watershed transform results in very large number of small
regions. This result makes the extracted regions hardly useful.

Figure 5. 1: watershed transforms sensitivity to gradient noise results in over-segmentation.

The most commonly used solution is the use of a marker image (figure 5.2)
[136]. This image reduces the number of minima of the image hence, the number of
regions. The watershed transform is successfully performed if there are markers for
each of the objects of interest. The standard algorithms of detecting markers are highly
domain specific, they have a high computational cost and they detect markers
effectively but not automatically when processing highly textured images. Automatic
techniques for the calculation of markers have been studied [137] but its usage is
restricted to a specific domain of images.
Watershed transform was used in developing a region-based image retrieval
system that acquires the segmented regions to represent the units of an image. This
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system allows the user to specify a group of watershed regions within the query
regions. The system overcame the over segmentation problem by using two scaling
parameters: r and h. Parameter r is the size of the structuring element of dilation
operators, whose utilization eliminates local minima of size less than r pixels, and
parameter h is the height of elevation used to remove the local minima with low
contrast. These two parameters are used to control the coarseness of the segmentation
results: as r or h increases, the number of generated regions decreases as shown in
figure 5.3. During their evaluation, they used r = 1 and h = 3. This system weakness is
that it didn’t provide a generalized scheme for searching huge image repositories.

(a) origional image

(b) marker image

(c) segmented image

Figure 5.2: marker based watershed transform.

Figure 5.3: Watershed segmentation controlled by different values of parameters r and h.
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5.3 The Proposed CBIR System
Aforesaid, the proposed CBIR is integration between a new region-based
segmentation as local descriptor and CTSD as global descriptor. This CBIR technique
first performs morphological operations on each image of the dataset, and then an
ycbcr color quantization is applied to eliminate the differences of color shades existed
between similar regions.
The number of regions is controlled as follow, firstly, region labeling is
performed, secondly the regions are sorted based on their size, and finally, a specific
resolution is selected to combine small regions with larger ones based on the color
criteria.
After extracting the principal regions, the CTSD composite feature descriptor is
used as a global descriptor for each region. Then the spatial relationship between the
detected principal regions is computed by constructing a nearest neighbor graph in
which each region descriptor is a node. Then, a greedy graph matching algorithm with
a modified scoring function is applied to determine the final image rank.

5.3.1 Morphological operations
Morphological operations create an output image of the same size of input
image by applying a structuring element. Each pixel value in the output image is
derived from a comparison of the corresponding pixel in the input image with its
neighbors. By controlling the size and shape of the neighborhood, a morphological
operation can be constructed to be sensitive to specific shapes in the input image.
Dilation and erosion are the most basic morphological operations. A pixel in the
output image can be derived by applying a rule to the corresponding pixel and its
neighbors in the input image.
Another two important morphological operations are the opening and the
closing. Morphological opening of an image is erosion followed by dilation using the
same structuring element for both operations. Opening generally smoothes the contour
object, breaks narrow isthmuses, and eliminates thin protrusions. Morphological
closing of an image consists of dilation followed by erosion with the same structuring
element. Closing also tends to smooth sections of contours but also, opposed to
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opening, it generally combines narrow breaks and long thin gulfs, eliminates small
holes, and fills gaps in the contour.
For each image, an opening followed by a closing are applied as shown in
figure 5.4. This has the effect of removing dark spots and stem marks and attenuating
bright and dark artifacts.

The effect of morphological on Wang image

The effect of morphological on UCID image

The effect of morphological on image having scaling and rotation
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The effect of morphological on image having blurring

The effect of morphological on image having noise

The effect of morphological on cropped image
Figure 5.4: The effect of morphological opening followed by Closing using a 9x9 structuring element of value 1.

5.3.2 YCbCr Color Quantization
To construct the ycbcr histogram, each component of the ycbcr color space is
quantized into a certain number of regions. The ycbcr histogram partition the ycbcr
color space, where each partition represents a bin in the histogram and contains
closely related colors with different shades. In this framework, the ycbcr color
quantization is applied to remove the differences of color shades existed between
similar regions leading to fusing the neighboring regions with the same color
attributes.
An implementation of the ycbcr histogram divides the Y into sixteen regions,
whereas cb and cr are divided into eight each. The three color components then are
linked, thus creating a (16x8x8) histogram of 1024 bins which is shown in figure 5.5.

107

Chapter (5)

REGION-BASED SEGMENTATION FOR EFFICIENT IMAGE RETRIEVAL

(a) Flower image

(b) vase image

(c) scaled and rotated image

(d) blurred image
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(e) noisy image

(f) cropped image
Figure 5.5: Applying YCBCR color Quantization after morphological operations on (a) flower, (b) vase, (c) scaled and
rotated, (d) blurred, (e) noisy, and (f) cropped images.

5.3.3 Over-segmentation handling
The watershed method produces many small basins due to many local minima
in the input image. Each catchment basin corresponds to a minimum of the gradient.
These minima are produced by small variations due to noise in the gray level values.
The morphological operations and ycbcr color quantization partially reduce the effect
of over-segmentation.
In order to overcome this problem completely, the number of segmented
regions has to be controlled. First, region labeling is performed, then the regions are
sorted based on their size, and finally, a specific resolution is selected to combine
small regions with larger ones based on the color criteria

5.3.3.1 Region Labeling

Segmentation divides an image into a number of homogeneous regions. Region
labeling is the operation of giving a unique identification (ID) to these segmented
regions as shown in figure (5.6).
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Figure 5.6. region labeling of segmented region

5.3.3.2 Region Sorting

Sorting is the process of ordering a collection of entities based on specific
criteria. The list of segmented regions forms the collection to be sorted and the criteria
of sort are the size (number of pixels) of each region. Figure 5.7 shows segmented
regions sorted in a descending order.

Figure 5.7: sorting image segmented regions based on size.

5.3.3.3 Region Combination

Region combination is the process of combining neighboring regions based on
some criteria. In this approach the color criteria is chosen for region combination. A
region is combined to one of its neighbors having the smallest difference in color. The
number of segmented regions can be controlled by identifying a set of large size
regions and combining other small ones to them. The identified set of regions is
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chosen as the top elements in the segmented regions sorted list. Different types of
segmented original and deformed images are illustrated in figure 5.8.

5.3.4 Segmented Regions Descriptors
Global description of extracted segmented regions provides an abstracted
description of image content. An appropriate descriptor must provide an invariant
description and be robust with respect to occlusion and geometrical transformations.
Therefore, the CTSD are used as a global descriptor.
The CTSD descriptor is generated for each segmented region. Each image is
described by a set of segmented regions distributed on its layout and each region will
be associated with a CTSD as a global region descriptor. This set of regions presents a
reduced description of the entire image.

5.3.5 Spatial Graph Generation
Spatial graph investigates the neighboring relationships between the nonoverlapped extracted segmented regions. The nearest neighbor graph (NN graph) is a
spatial graph constructed by connecting edges from each node to its neighborhood
nodes in a fixed neighborhood threshold  .

The results of segmentation on Wang image
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The results of segmentation on UCID image

The results of segmentation on image having scaling and rotation

The results of segmentation on image having blurring
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The results of segmentation on image having noise

The results of segmentation on cropped image
Figure 5.8. The results of segmentation on different types of images

Two nodes have an edge in a nearest neighbor graph if their relative distance is less
than or equal to  .
This graph is generated using the neighborhood of pixels between segmented
regions (as depicted in figure 5.9. Each pixel has 8 connected neighbors. Hence, a
region is a neighbor to another, if at least one pixel from this region is connected to a
pixel from the other region. Each region and its associated descriptor is a node in the
graph. Edges in the spatial graph represent the neighboring relationships between
segmented regions.
The matching process is done as follows, given two graphs
; for each node

in

according to a matching function

and

, a list of best matched nodes in G2 is associated
. Given the node

in

and its associated

best matched list of nodes, one needs to find the best matched pair of nodes

.

The nearest neighbor graph matching technique choose the best matched pair
that has the lowest mean of distances between neighbors of node
each node

and neighbors of

in the best matched list. This produces a non-accurate rank because of

neighboring nodes that may have large distances.
Another similarity function compares the neighborhood nodes of node
the neighborhood nodes of node

in order to assign the rank of pair
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(5-1)
The chosen best matched pair is the one with the highest rank
each node in

, the rank of best matched pairs

. For

is calculated and a final

similarity rank is assigned as following
(5-2)
For a given query image, a NN graph is constructed for each image in the data
set and the final similarity rank is determined by applying the greedy nearest neighbor
graph matching algorithm.

(a) Input image.

(b)Labeled regions.

(c) Spatial graph.
Figure 5.9: Spatial graph generation, regions and their associated descriptors are nodes in the graph.

5.4 Experimental work
The region based segmentation (RBS) descriptor is compared with the SURF, SIFT
and wavelet SIFT local descriptors. The experiments are performed on Wang, UCID standard
database and proposed deformed Wang. The Wang database has large variations and

object dissimilarity in query relevant images. The UCID has images of different topics
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related to indoors, outdoors and natural scenes, and man-made objects. The deformed
Wang consists of 2000 images having different types of deformations. The top N
precision and recall comparisons have been used to evaluate the performance of the proposed
approach compared with the performance of other approaches. These metrics consider that a
set of relevant images called the ground truth are defined for each test query. As aforesaid in
chapter 2, the precision of the retrieval is defined as the fraction of the retrieved images that
are relevant to the query from the set of returned images. The recall is the fraction of the
relevant images that is returned by the query from the ground truth. These two metrics are
measured for one query. To evaluate a system for several queries; the mean recall and mean
precision are computed for a set of queries for the top N returned results. In this comparison,
N ranges from 5 to 50 with increasing step of 5.
In addition to the recent descriptors mentioned in the previous chapters, the RBS
descriptor is implemented in the proposed CBIR benchmark.

Figure 5.10 and figure 5.11 show evaluation of the top N precision and the top
N recall results for the proposed region based segmentation (RBS) descriptor
compared to SIFT, wavelet salient point and SURF over Wang database. Figure 5.12
and figure 5.13 introduce the mean precision and the mean recall for each category in
the Wang database. The RBS provides higher precision and recall than other salient
descriptors due to its capability to capture the most salient scale invariant regions.
One need to use the salient regions that capture the most scale invariant complex
regions in image integrated with the global features (color, texture and shape)
The results of the proposed integrated retrieval approach (RBS&CTSD) have
been compared with the results of the following techniques: FCTH descriptor, CTSD
and SURF+CTSD. The proposed approach extracts the most general principal regions
in an image that act as a local image descriptor.
Figure 5.14 shows the top N precision and recall comparison evaluated over the
Wang database. N ranges from 5 to 50 step 5. This figure shows that the proposed
approach provides more precision than FCTH, close to the SUFR+CTSD approach
and better than other approaches. The SUFR+CTSD retrieval approach was efficient
for images having complex spatial structure as in Wang database where query relevant
images have large variations and object dissimilarity. Alternatively, the SUFR+CTSD
approach has degraded accuracy for images having large smoothed regions with less
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or no complexity in its structures because very few numbers of salient regions will be
extracted. Figure 5.15 shows that the proposed approach provides better recall than the
other approaches. The extracted local regions work as a clue for the existence of
objects for better matching accuracy. The proposed approach combines color, texture
and shape features globally with the local region to enhance the precision of retrieval.
Figure 5.16 and figure 5.17 illustrate the mean precision and the mean recall for each
category in the Wang database.
Figure 5.18 and figure 5.19 shows the top N precision and recall comparison
evaluated over the UCID database. These figures show that the proposed approach
provides better precision and recall against other categories when evaluated over the
UCID database as relevant images are quite similar.
The proposed retrieval approach works as an extension to the RBS&CTSD
approach that enhances the precision for images having large smoothed regions and
provides better recall than other approaches. In addition, the new approach captures
the smooth details of images and provides an approximation between smoothness and
complexity for images having large occlusion and complexity in structure because
regions have varying arrangement and size. The approximation of the new approach
provides more precision than FCTH and close to the SUFR&CTSD approach for
images having large geometric variations as in Wang database. For images with small
variations (UCID database) the proposed approach provides more accurate results than
the SUFR&CTSD and FCTH approaches.
Table 1 shows the matching time of the proposed retrieval approach toward
other approaches. This evaluation was performed on a computer that has Intel Core™
5, 2.4 GHz processor, 6GB memory and running windows 7 operating system. The
table compares the techniques relative to the average matching time. The experiment
used the Wang dataset. The retrieval system is implemented in java and the techniques
are operated in a single thread.
The SURF approach has no specific control on the number of detected salient
points. For images having large details; the number of detected salient points may be
large thus increasing the average matching time for the queries with the increase of
number of detected salient points.
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Table 5.1 Average matching time of different retrieval
approaches

Technique

Average matching time

RBS&CTSD

1.87sec

SURF

15.47sec

SIFT

20.252 sec

FCTH

0.003725 sec

CTSD

0.000975sec

The proposed retrieval approach; solved the problem by using a fixed number
of general principal regions. The other approaches used only global feature vectors for
the description of images. They provide a very small average matching time in
milliseconds but they have low retrieval accuracy compared with the proposed
approach.

Figure 5.10. the top N precision results for proposed descriptor compared to other descriptors over Wang database

117

Chapter (5)

REGION-BASED SEGMENTATION FOR EFFICIENT IMAGE RETRIEVAL

Figure 5.11. the top N recall results for proposed descriptor compared to other descriptors over Wang database

Figure 5.12. the mean precision for each category in the Wang database
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Figure 5.13. the mean recall for each category in the Wang database

Figure 5.14. the top N precision results for proposed approach compared to other approaches over UCID database
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Figure 5.15. the top N recall results for proposed approach compared to other approaches over UCID database

Figure 5.16. the mean precision for each category in the Wang database
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Figure 5.17. the mean recall for each category in the Wang database

Figure 5.18. the top N precision results for proposed approach compared to other approaches over UCID database
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Figure 5.19. the top N recall results for proposed approach compared to other approaches over UCID database

Figure 5.20. the top N precision results for proposed approach compared to other approaches over deformed Wang
database
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Figure 5.21. the top N recall results for proposed approach compared to other approaches over deformed Wang
database

Figure 5.22. the mean precision for each category in the Wang database
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Figure 5.23. the mean precision for each category in the Wang database

5.5 Case Study
The RBS&CTSD is applied on breast cancer images retrieved from
mammographic image analysis society. The cancer is defined as a
cancerous growth that inhabits the tissues in the breast. The cells in the
breast region grow abnormally and in an uncontrolled way. Though breast
cancer is mostly found in women, in rare cases it is also found in men. In
the U.S. alone one out of every eight women has this disease. After lung
cancer, breast cancer in women is the second leading cause of death due to
cancer and is the most common cancer to affect women. Breast selfexamination, professional palpation and mammography are three
screening techniques for breast cancer. Due to the properties of human eye,
doctors cannot recognize early breast cancer. The process using pattern
recognition and retrieval and multi resolution can satisfy early detection of
breast cancer.
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The Mammographic Image Analysis Society (MIAS) is an
organization of UK research groups interested in the understanding of
mammograms and has generated a database of digital mammograms. The
database contains 322 digitized films. It also includes radiologist's "truth"markings on the locations of any abnormalities that may be present.
Mammographic images are available via the Pilot European Image
Processing Archive (PEIPA) at the University of Essex.
The mammograms have been grouped into three tissue types namely
fatty, fatty glandular and dense glandular while the severity of abnormality
is classified as benign or malignant tumor. The proposed system
compresses the database size to increase the processing speed and to save
storage space. In this work the proposed CBIR system is tested for tissue
classification and analysis of breast images taken from mini-MIAS
database. The RBS&CTSD approach is tested on breast cancer images retrieved
from mammographic image analysis society. Experimental work shows that the
proposed approaches improve the precision and recall of retrieved results compared to
other approaches reported in thesis.
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(a) Query image

(b) retrieved results
Figure 5.24 the query image and retrieved images
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Figure 5.25 The top N precision results for RBS&CTSD compared to FCTH using the MIAS database.

Figure 5.26. The top N recall results for RBS&CTSD compared to FCTH using the MIAS database.
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5.6 Conclusion
A new region-based segmentation scheme is presented. The proposed retrieval
approach works by segmenting an image into the most general principal regions that
work as local descriptors. A spatial graph is generated by detecting the spatial
relationships between regions. A greedy graph matching algorithm with a modified
scoring function works as a similarity measure to detect the image score. Moreover, a
generalized multi-resolution region-based segmentation scheme is presented. This
segmentation scheme is integrated with color and texture features to provide efficient
retrieval in large collection of images. The new segmentation scheme provides
efficient segmentation and treats problems existed in previous region based
segmentation algorithms such as over segmentation. The proposed retrieval system
combines the matching scores of local region description and global CTSD
description to enhance the retrieval results. A performance evaluation between the
proposed technique and others reported in literature; shows that the proposed
approach provides better recall and precision with a suitable average queries matching
time. In addition; several speedups can be performed using parallel techniques.
Results show that the proposed approach provides more accurate results than previous
approaches.
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Through this study, several improvements in visual image search are provided
to increase the quality and accuracy. A comparison between current techniques of
visual content description and proposed two image retrieval approaches; the salient
image retrieval and the principal region detection retrieval approaches, is held. The
investigated techniques are implemented and used in a CBIR Benchmark system that
use images retrieved from Google keyword-based search engine, and standard Wang
and UCID databases to further enhance the results. The thesis concludes that different
level image features need to be integrated to provide more accurate description of
image content and higher image retrieval accuracy. The global image features, such as
color, texture and shape describe the whole image. On the other hand, the local
features describe parts or regions of an image. Therefore, the advantages of integrating
global and local features together have been utilized for better retrieval efficiency.
A deformed image database for testing and benchmarking purposes is built and
used to compare the effectiveness of our approach with respect to others in retrieving
geometric deformed, blurred and noised images. At this framework, three techniques
are proposed to provide more accurate description of image content and better image
retrieval accuracy.
The first one is a CTSD image retrieval technique, which uses color, texture
and shape to form the features vectors. This technique integrates the modified ycbcr
color histogram, modified edge histogram and modified Fourier descriptor as color,
texture and shape descriptors respectively.
The second approach is (CTSD&SURF) that integrates techniques of SURF
and CTSD to form the features vectors. This approach is efficient for accurately
retrieving images even in existence of distortions such as geometric deformed, blurred
and noised images. The proposed CTSD&SURF approach extracts interest SURF
salient points as a local descriptor; moreover, it uses the color, texture and shape as
global descriptors. A nearest neighbor (NN) matching algorithm is applied to
determine the final image rank.
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The third approach is a new effective region-based segmentation scheme that
provides efficient segmentation and overcomes problems existed in recent regionbased segmentation algorithms such as over segmentation. This proposed approach
integrates the global features vector (CTSD) with the segmented regions that are used
a local descriptor. A spatial graph is constructed from the segmented regions then; a
greedy graph matching algorithm with the modified similarity measure is applied to
determine the final image rank.
Finally, a case study where third proposed approach are tested on breast cancer
images retrieved from mammographic image analysis society is developed. The
results show that the three proposed approaches exhibit higher performance and
robustness compared with other recent approaches. Moreover, the third proposed
approach which is a combination of the proposed CTSD global descriptor with local
image descriptor RBS, provides the highest accurate results.
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FUTURE WORK
Automatic image annotation is an extension area for the research work. This
areadevelops computer systems that can assign metadata in the form of tags or
captionsto an image automatically. The proposed retrieval approaches can help
organizeand locate images of interest from an image collection.
Story illustration is an area that develops computer systems that provide
automatedstory picturing. In this area both annotations and visual content playan
important role to match the semantic keywords extracted from the story. Theproposed
retrieval approaches can be utilized to provide visual content similarity.
The approaches can provide image signatures that can be used to categorize
allpixels in an image into one of several classes. So, they can be used in
classificationand categorization applications.
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اﻟﻤﻠﺨـــﺺ اﻟﻌﺮﺑـــــــﻰ
اﻟﺒﺤﺚ اﻟﺬﻛﻲ ﻟﻠﺼﻮراﻋﺘﻤﺎدا ﻋﻠﻰ دﻣﺞ اﻟﺴﻤﺎت اﻟﻤﺮﺋﯿﮫ
ﻣﺤﺮﻛﺎت ﺑﺤﺚ اﻟﺼﻮر ﺗﺘﯿﺢ اﻟﻮﺻﻮل ﻟﻤﺪى ﻛﺒﯿﺮ ﻣﻦ اﻟﺼﻮر اﻟﻤﺘﺎﺣﮫ ﻋﺒﺮ ﺷﺒﻜﺔ
اﻹﻧﺘﺮﻧﺖ ,اﻟﻌﺪﯾﺪ ﻣﻦ اﻟﻤﺤﺮﻛﺎت ﺗﻢ ﺗﻄﻮﯾﺮھﺎ إﻋﺘﻤﺎداً ﻋﻠﻰ إﺳﺘﺮاﺗﯿﺠﯿﺎت اﻟﻨﺼﻮص و
اﻟﺴﯿﺎق او ﻋﺒﺮ اﺿﺎﻓﺔ ﻣﺪﺧﻼت ﻟﻤﺠﻤﻮﻋﺎت اﻟﺼﻮر ,أﯾﻀﺎ ً ﻛﺎن ھﻨﺎك ﻣﺤﺎوﻻت ﻟﺒﻨﺎء
ﻣﺤﺮﻛﺎت ﺑﺤﺚ ﻣﻌﺘﻤﺪه ﻋﻠﻰ ﻣﺤﺘﻮى اﻟﺼﻮر ﺣﯿﺚ ﯾﺘﻢ إﺳﺘﺮﺟﺎع اﻟﺼﻮر إﻋﺘﻤﺎداً ﻋﻠﻰ
اﻟﻤﺤﺘﻮى اﻟﺬى ﯾﻌﺒﺮ ﻋﻦ ﻣﺤﺘﻮﯾﺎت اﻟﺼﻮره ﻧﻔﺴﮭﺎ ﻣﺜﻞ اﻷﺷﻜﺎل و اﻹﻟﻮان وﻧﺴﺎﺋﺞ
اﻟﺼﻮرة .اﻟﺘﻮﺟﮭﺎت اﻟﺤﺎﻟﯿﮫ ﻓﻰ إﺳﺘﺮﺟﺎع اﻟﺼﻮر إﻋﺘﻤﺎداً ﻋﻠﻰ اﻟﻤﺤﺘﻮى ﺗﺨﺘﻠﻒ ﺑﻨﺎﺋﺎ ُ
ﻋﻠﻰ ﺳﻤﺎت اﻟﺼﻮر اﻟﻤﺴﺘﺨﺮﺟﺔ .ھﺬا اﻟﺒﺤﺚ ھﻮ درب ﻟﺘﻌﺰﯾﺰ ﻛﻔﺎءة ودﻗﺔ ﻧﻈﻢ
إﺳﺘﺮﺟﺎع اﻟﺼﻮر إﻋﺘﻤﺎداً ﻋﻠﻰ اﻟﻤﺤﺘﻮى.
ﯾﺘﻨﺎول ھﺬا اﻹطﺎر اﻹﺳﺘﺮﺟﺎع اﻟﻔﻌﺎل ﻟﻠﺼﻮر ﻣﻦ ﻣﺠﻤﻮﻋﺎت ﺻﻮر ﻛﺒﯿﺮة .وﯾﻘﺪم
اﻹطﺎر ﺗﻘﯿﯿﻢ ﻟﻠﺘﻘﻨﯿﺎت اﻟﺤﺎﻟﯿﮫ ﻹﺳﺘﺮﺟﺎع اﻟﺼﻮر إﻋﺘﻤﺎداً ﻋﻠﻰ اﻟﻤﺤﺘﻮى .ووﻓﻘﺎ ﻟﮭﺬا
اﻟﺘﻘﯿﯿﻢ ؛ ﺳﻤﺎت اﻟﺼﻮر ﯾﺠﺐ أن ﺗﺘﻜﺎﻣﻞ ﻟﺘﻘﺪﯾﻢ وﺻﻒ أﻛﺜﺮ دﻗﺔ ﻟﻠﻤﺤﺘﻮى وﺗﺤﺴﯿﻦ دﻗﺔ
اﺳﺘﺮﺟﺎع اﻟﺼﻮر .ﻓﻲ ھﺬا اﻟﺴﯿﺎق  ،ﺗﻘﻮم ھﺬه اﻟﺮﺳﺎﻟﺔ ﺑﻌﺮض ﺗﻘﻨﯿﺎت ﻻﺳﺘﺮﺟﺎع
اﻟﺼﻮر ﺑﺪﻗﺔ أﻛﺜﺮ ﻣﻦ اﻟﺘﻘﻨﯿﺎت اﻟﺴﺎﺑﻘﮫ.
اﻟﺘﻘﻨﯿﺔاﻻوﻟﻰ اﻟﻤﻘﺘﺮﺣﺔ ﺗﺼﻤﯿﻢ ﻧﻤﻮذج ﻹﺳﺘﺨﺮاج اﻟﺴﻤﺎت اﻟﻤﺘﻜﺎﻣﻠﺔ ﻟﻠﺼﻮر إﻋﺘﻤﺎداً
ﻋﻠﻰ اﻟﻤﺰج ﺑﯿﻦ اﻟﻤﺪرج اﻹﺣﺼﺎﺋﻲ ﻟﻠﻮن ﺑﻨﻤﻂ  YCbCrواﻟﺼﻔﺔ اﻟﻨﺴﯿﺠﯿﺔ ﻟﻠﺼﻮر و
وﻣﯿﺰة اﻻﺷﻜﺎل .وﻗﺪ ﺗﻢ ﺗﻄﺒﯿﻖ ھﺬه اﻟﺘﻘﻨﯿﺔ ﻋﻠﻰ ﻗﻮاﻋﺪ ﺑﯿﺎﻧﺎت ﺻﻮر ﻗﯿﺎﺳﯿﺔ ﻣﺤﻘﻘﺔً
ﻧﺘﺎﺋﺞ ﻋﺎﻟﯿﺔ اﻟﺪﻗﺔ ﻣﻘﺎرﻧﺔً ﺑﺎﻟﺘﻘﻨﯿﺎت اﻷﺧﺮى.
اﻟﺘﻘﻨﯿﺔاﻟﺜﺎﻧﯿﮫ اﻟﻤﻘﺘﺮﺣﺔ ﺗﺪﻣﺞ ﺗﻘﻨﯿﺎت اﻟﺴﻤﺎت اﻟﻤﻤﯿﺰة واﻟﻠﻮن وﻧﺴﺎﺋﺞ اﻟﺼﻮر وﻣﯿﺰة
اﻻﺷﻜﺎل  ،و ﺗﻘﻮم ھﺬا اﻟﺘﻘﻨﯿﺔ ﺑﺈﺳﺘﺨﺮاج ﻣﻨﺎطﻖ اﻟﺴﻤﺎت اﻟﻤﻤﯿﺰة اﻟﺘﻲ ﺗﻌﻤﻞ ﻛﺘﻮﺻﯿﻔﺎت
ﻣﺤﻠﯿﺔ .ﺗﻢ ﺗﻄﺒﯿﻖ ﺧﻮارزم ﺟﺸﻊ ﻟﺘﻄﺎﺑﻖ اﻟﻤﺨﻄﻄﺎت ﻣﻊ ﺗﻌﺪﯾﻞ ﻣﻘﺘﺮح ﻋﻠﻰ داﻟﺔ
اﻟﻨﺘﯿﺠﺔ ﻟﺘﻌﯿﯿﻦ اﻟﻤﺮﺗﺒﺔ اﻟﻨﮭﺎﺋﯿﺔ ﻟﻠﺼﻮرة .اﻟﺘﻘﻨﯿﺔ اﻟﻤﻘﺘﺮﺣﺔ ﻣﻨﺎﺳﺒﮫ ﻻﺳﺘﺮﺟﺎع اﻟﺼﻮر
ﺑﺪﻗﺔ ﺣﺘﻰ ﻓﻲ ﺣﺎﻻت اﻟﺘﺸﻮھﺎت اﻟﮭﻨﺪﺳﯿﺔ واﻟﻀﻮﺿﺎء.
اﻟﺘﻘﻨﯿﺔ اﻟﺜﺎﻟﺜﮫ اﻟﻤﻘﺘﺮﺣﺔ ﺗﻨﺎﻗﺶ ﺧﻮارزم ﻋﺎم و ﻓﻌﺎل ﺟﺪﯾﺪ ﻣﺘﻌﺪد اﻟﻤﻘﺎﯾﯿﺲ ﻟﺘﻘﺴﯿﯿﻢ
اﻟﻤﻨﺎطﻖ اﻟﺪاﺧﻠﯿﺔ ﻟﻠﺼﻮر .وﯾﻘﺪم ھﺬا اﻟﺨﻮارزم ﻛﻔﺎءة ﻋﺎﻟﯿﺔ ﻓﻰ اﻟﺘﻘﺴﯿﻢ و ﻣﻌﺎﻟﺠﺔ
اﻟﻤﺸﺎﻛﻞ اﻟﺴﺎﺑﻘﺔ ﻟﺘﻘﻨﯿﺎت اﻟﺘﻘﺴﯿﻢ ﻣﺜﻞ زﯾﺎدة اﻟﻤﻨﺎطﻖ اﻟﻤﻘﺴﻤﺔ .و ﺗﻘﻮم اﻟﺘﻘﻨﯿﺔ اﻟﻤﻘﺘﺮﺣﺔ
ﺑﺘﻘﺴﯿﻢ اﻟﺼﻮرة إﻟﻰ اﻟﻤﻨﺎطﻖ اﻟﺮﺋﯿﺴﯿﺔ اﻷﻛﺜﺮ ﻋﻤﻮﻣﯿﺔ اﻟﺘﻰ ﺗﻌﻤﻞ ﻛﺘﻮﺻﯿﻔﺎت ﻣﺤﻠﯿﺔ.
و ﯾﺘﻢ إﻧﺸﺎء ﻣﺨﻄﻂ ﻣﻜﺎﻧﻲ ﻣﻦ اﻟﻤﻨﺎطﻖ اﻟﺮﺋﯿﺴﯿﺔ ﺣﯿﺚ ﯾﺘﻢ ﺗﻄﺒﯿﻖ ﺧﻮارزم ﺟﺸﻊ

اﻟﺒﺤﺚ اﻟﺬﻛﻲ ﻟﻠﺼﻮراﻋﺘﻤﺎدا ﻋﻠﻰ دﻣﺞ اﻟﺴﻤﺎت اﻟﻤﺮﺋﯿﮫ

ﻟﺘﻄﺎﺑﻖ اﻟﻤﺨﻄﻄﺎت ﻣﻊ ﺗﻌﺪﯾﻞ ﻣﻘﺘﺮح ﻋﻠﻰ داﻟﺔ اﻟﻨﺘﯿﺠﺔ ﻟﺘﻌﯿﯿﻦ اﻟﻤﺮﺗﺒﺔ اﻟﻨﮭﺎﺋﯿﺔ
ﻟﻠﺼﻮرة.
اﻟﺘﻘﻨﯿﺎت اﻟﻤﻘﺘﺮﺣﺔ ﺗﻢ اﺧﺘﺒﺎرھﺎ ﻋﻠﻰ ﻗﻮاﻋﺪ ﺑﯿﺎﻧﺎت ﻗﯿﺎﺳﯿﺔ ﻟﻠﺼﻮر .اﯾﻀﺎ ﺗﻢ ﺗﻄﻮﯾﺮ
دراﺳﺔ ﺣﺎﻟﺔ ﺣﯿﺚ ﺗﻢ اﺧﺘﺒﺎر اﻟﺘﻘﻨﯿﺎت اﻟﻤﻘﺘﺮﺟﺔ ﻋﻠﻰ اﻟﺼﻮر اﻟﻤﺴﺘﺮﺟﻌﺔ ﻣﻦ ﻣﺤﺮك
ﺑﺤﺚ اﻟﺼﻮر  Googleاﻟﻤﻌﺘﻤﺪ ﻋﻠﻰ ﻣﻔﺎﺗﯿﺢ اﻟﻜﻠﻤﺎت .وﻗﺪ أظﮭﺮت اﻟﻨﺘﺎﺋﺞ أن اﻟﻤﺰج
ﺑﯿﻦ اﻟﺘﻘﻨﯿﺎت اﻟﻤﻘﺘﺮﺟﺔ ﺑﺄﻋﺘﺒﺎرھﺎ واﺻﻒ ﻣﺤﻠﻰ ﻟﻠﺼﻮر ﻣﻊ واﺻﻒ ﺷﺎﻣﻞ ﻟﻠﺼﻮر
ﯾﺘﻔﻮق ﻋﻠﻰ اﻹﺗﺠﺎھﺎت اﻷﺧﺮى.
وﺗﺘﻜﻮن اﻟﺮﺳﺎﻟﺔ ﻣﻦ ﻋﺪد ﻣﻘﺪﻣﮫ و ﺧﻤﺴﺔ أﺑﻮاب وﺧﺎﺗﻤﮫ:
ﻣﻘﺪﻣﮫ.:
ﯾﻌﺮض ﻣﻘﺪﻣﺔ ﻋﻦ اﻟﻌﻤﻞ اﻟﻤﻘﺘﺮح ،و اﻷھﺪاف اﻟﺮﺋﯿﺴﯿﺔ ﻣﻦ اﻟﺮﺳﺎﻟﺔ و اﻹﺳﮭﺎم
اﻟﻌﻠﻤﻰ ﻟﻠﺮﺳﺎﻟﺔ.
اﻟﺒﺎب اﻻول.:
ﯾﻌﺮض دراﺳﮫ ﻣﺮﺟﻌﯿﮫ ﻋﻦ اﻻﺑﺤﺎث اﻟﺴﺎﺑﻘﮫ ﻓﻰ ﻣﺠﺎل اﺳﺘﺮﺟﺎع اﻟﺼﻮر
اﻟﺒﺎب اﻟﺜﺎﻧﻲ.:
ﯾﻌﺮض دراﺳﺔ ﻋﻦ اﻷﻋﻤﺎل ذات اﻟﺼﻠﺔ  ،وﻣﻼﺣﻈﺎت ﺣﻮل إطﺎر اﻟﻌﻤﻞ
اﻟﻤﻘﺘﺮح .وﻋﻤﻞ ﻧﻈﺎم ﻗﯿﺎﺳﻰ ﻻﺳﺘﺮﺟﺎع اﻟﺼﻮر وذﻟﻚ ﻻﺳﺘﺨﺪﻣﮫ ﻓﻰ اﻟﺒﻨﺎء
واﻟﻤﻘﺎرﻧﮫ ﺑﺎﻟﻄﺮق اﻻﺧﺮى
اﻟﺒﺎب اﻟﺜﺎﻟﺚ.:
ﯾﻘﺪم ﻧﻤﻮذج ﻹﺳﺘﺨﺮاج اﻟﺴﻤﺎت اﻟﻤﺘﻜﺎﻣﻠﺔ ﻟﻠﺼﻮر إﻋﺘﻤﺎداً ﻋﻠﻰ اﻟﻤﺰج ﺑﯿﻦ
اﻟﻤﺪرج اﻹﺣﺼﺎﺋﻲ ﻟﻠﻮن ﺑﻨﻤﻂ  YCbCrواﻟﺼﻔﺔ اﻟﻨﺴﯿﺠﯿﺔ ﻟﻠﺼﻮر و وﻣﯿﺰة
اﻻﺷﻜﺎل.
اﻟﺒﺎب اﻟﺮاﺑﻊ.:
ﯾﻘﺪم ﺗﻘﯿﯿﻢ ﻟﻠﺘﻘﻨﯿﺎت اﻟﺤﺎﻟﯿﺔ ﻟﻮﺻﻒ ﻣﺤﺘﻮى اﻟﺼﻮر ،و ﯾﻘﻮم ﺑﺸﺮح ﺗﻘﻨﯿﺔ
ﻣﻘﺘﺮﺣﺔ ﺟﺪﯾﺪة ﻹﺳﺘﺮﺟﺎع اﻟﺼﻮر ﺣﯿﺚ ﺗﻘﻮم ﺑﺪﻣﺞ اﻟﻌﺪﯾﺪ ﻣﻦ اﻟﺘﻘﻨﯿﺎت اﻟﺤﺎﻟﯿﺔ

اﻟﺒﺤﺚ اﻟﺬﻛﻲ ﻟﻠﺼﻮراﻋﺘﻤﺎدا ﻋﻠﻰ دﻣﺞ اﻟﺴﻤﺎت اﻟﻤﺮﺋﯿﮫ

ﻟﺘﺸﻜﯿﻞ ﺗﻮﺻﯿﻒ ﻣﺤﻠﻰ ﻟﻤﻨﺎطﻖ اﻟﺴﻤﺎت اﻟﻤﻤﯿﺰة اﻟﻤﺴﺘﺨﺮﺟﺔ .ﯾﻌﺮض اﻟﺒﺎب
أﯾﻀﺎ ﺧﻮارزم ﺟﺸﻊ ﻟﺘﻄﺎﺑﻖ اﻟﻤﺨﻄﻄﺎت ﻣﻊ ﺗﻌﺪﯾﻞ ﻣﻘﺘﺮح ﻋﻠﻰ داﻟﺔ اﻟﻨﺘﯿﺠﺔ
ﻟﺘﻌﯿﯿﻦ اﻟﻤﺮﺗﺒﺔ اﻟﻨﮭﺎﺋﯿﺔ ﻟﻠﺼﻮرة ﻟﻘﯿﺎس اﻟﺘﺸﺎﺑﮫ ﺑﯿﻦ اﻟﺼﻮر.
اﻟﺒﺎب اﻟﺨﺎﻣﺲ.:
ﯾﻨﺎﻗﺶ ﺗﻘﻨﯿﺔ ﻋﺎﻣﺔ

ﻹ ﺘﺮﺟﺎع
.

ﻟﻠﺼﻮرة.
ﺧﺎﺗﻤﮫ.:
ﯾﻌﺮض ﻣﻠﺨﺺ اﻟﺒﺤﺚ و اﻹﺗﺠﺎھﺎت اﻟﻤﺴﺘﻘﺒﻠﯿﺔ ﻓﻰ ھﺬا اﻟﻤﺠﺎل.

ﺟﺎﻣـﻌﺔ اﻷزھـﺮ
ﻛﻠﯿــــــــﺔ اﻟﮭﻨــــﺪﺳـــﺔ
ﻗﺴـــــﻢ اﻟﮭﻨﺪﺳــــــﺔ اﻟﻜﮭﺮﺑﯿﺔ

اﻟﺒﺤﺚ اﻟﺬﻛﻲ ﻟﻠﺼﻮراﻋﺘﻤﺎدا ﻋﻠﻰ دﻣﺞ اﻟﺴﻤﺎت اﻟﻤﺮﺋﯿﮫ
رﺳــﺎﻟﺔ ﻣﻘﺪﻣـﺔ ﻣــــــﻦ اﻟﻤـﮭﻨﺪس

ﻣﺤﻤـــﺪ ﺣﺴﻦ ﺳﻌﺪ ﻋﺒﺪاﻟﺤﻤﯿﺪ

ﻣﺎﺟﺴﺘﯿﺮ ھﻨﺪﺳﺔ اﻻﻟﻜﺘﺮوﻧﯿﺎت و اﻻﺗﺼﺎﻻت اﻟﻜﮭﺮﺑﯿﺔ
ﻣﺪرس ﻣﺴﺎﻋﺪ ﺑﮭﯿﺌﺔ اﻟﻄﺎﻗﺔ اﻟﺬرﯾﺔ
ﻟﻠﺤﺼﻮل ﻋﻠﻰ درﺟﺔ اﻟﻌﺎﻟﻤﯿﺔ )دﻛﺘﻮراه اﻟﻔﻠﺴﻔﺔ( ﻓﻰ اﻻﻟﻜﺘﺮوﻧﯿﺎت واﻻﺗﺼﺎﻻت اﻟﻜﮭﺮﺑﯿﺔ

ﻟـﺠﻨﺔ اﻟـﻔﺤﺺ واﻟﻤﻨﺎﻗﺸﺔ
أ.د  /ﻣﺤﻤﺪ ﺑﻜﺮي ﻋﻠﻰ اﻟﻤﺸﺪ

أﺳﺘﺎذ اﻻﻟﻜﺘﺮوﻧﯿﺎت و اﻻﺗﺼﺎﻻت اﻟﻜﮭﺮﺑﯿﺔ ﻛﻠﯿﺔ اﻟﮭﻨﺪﺳﺔ -ﺟﺎﻣﻌﺔ اﻷزھﺮ

أ.د/.ﻋﺒﺪ اﻟﻤﺠﯿﺪ ﻣﺤﻤﺪ ذواﻟﻔﻘﺎر

أﺳﺘﺎذ ورﺋﯿﺲ ﻗﺴﻢ اﻻﻟﻜﺘﺮوﻧﯿﺎت و اﻻﺗﺼﺎﻻت – ﺟﺎﻣﻌﺔ ﻣﺼﺮ ﻟﻠﻌﻠﻮم واﻟﺘﻜﻨﻮﻟﻮﺟﯿﺎ

أ.د  /ﻣﺤﻤﻮد ﻋﻠﻰ ﻋﺎﺷﻮر

أﺳﺘﺎذ ورﺋﯿﺲ ﻣﺮﻛﺰ ﺗﺼﻤﯿﻢ اﻟﻨﻈﻢ واﻟﺪواﺋﺮ  -ھﯿﺌﺔ اﻟﻄﺎﻗﺔ اﻟﺬرﯾﺔ

أ.د  /ﺣﺴﯿﻦ أﺣﻤـﺪ ﻗﻨﺒﺮ

أﺳﺘﺎذ اﻻﻟﻜﺘﺮوﻧﯿﺎت و اﻻﺗﺼﺎﻻت اﻟﻜﮭﺮﺑﯿﺔ ﻛﻠﯿﺔ اﻟﮭﻨﺪﺳﺔ -ﺟﺎﻣﻌﺔ اﻷزھﺮ
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(

)

(

)
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ﺟﺎﻣـﻌﺔ اﻷزھـﺮ
ﻛﻠﯿــــــــﺔ اﻟﮭﻨــــﺪﺳـــﺔ
ﻗﺴـــــﻢ اﻟﮭﻨﺪﺳــــــﺔ اﻟﻜﮭﺮﺑﯿﺔ

اﻟﺒﺤﺚ اﻟﺬﻛﻲ ﻟﻠﺼﻮراﻋﺘﻤﺎدا ﻋﻠﻰ دﻣﺞ اﻟﺴﻤﺎت اﻟﻤﺮﺋﯿﮫ
رﺳــﺎﻟﺔ ﻣﻘﺪﻣـﺔ ﻣــــــﻦ اﻟﻤـﮭﻨﺪس
ﻣﺤﻤـــﺪ ﺣﺴﻦ ﺳﻌﺪ ﻋﺒﺪاﻟﺤﻤﯿﺪ
ﻣﺎﺟﺴﺘﯿﺮ ھﻨﺪﺳﺔ اﻻﻟﻜﺘﺮوﻧﯿﺎت و اﻻﺗﺼﺎﻻت اﻟﻜﮭﺮﺑﯿﺔ
ﻣﺪرس ﻣﺴﺎﻋﺪ ﺑﮭﯿﺌﺔ اﻟﻄﺎﻗﺔ اﻟﺬرﯾﺔ
ﻟﻠﺤﺼﻮل ﻋﻠﻰ درﺟﺔ اﻟﻌﺎﻟﻤﯿﺔ )دﻛﺘﻮراه اﻟﻔﻠﺴﻔﺔ( ﻓﻰ اﻻﻟﻜﺘﺮوﻧﯿﺎت واﻻﺗﺼﺎﻻت اﻟﻜﮭﺮﺑﯿﺔ

ﺗﺤﺖ إﺷﺮاف
ا.د ﺣﺴﯿﻦ أﺣﻤﺪ ﻗﻨﺒﺮ

أﺳﺘﺎذ اﻻﻟﻜﺘﺮوﻧﯿﺎت و اﻻﺗﺼﺎﻻت اﻟﻜﮭﺮﺑﯿﺔ -ﻛﻠﯿﺔ اﻟﮭﻨﺪﺳﺔ -ﺟﺎﻣﻌﺔ اﻷزھﺮ

ا .د  /ﻣﺤﻤﻮد ﻋﻠﻲ ﻋﺎﺷﻮر

أﺳﺘﺎذ اﻻﻟﻜﺘﺮوﻧﯿﺎت واﻻﺗﺼﺎﻻت اﻟﻜﮭﺮﺑﯿﺔ -ھﯿﺌﺔ اﻟﻄﺎﻗﺔ اﻟﺬرﯾﺔ

ا.م.د /ﺣﺴﻦ اﺑﺮاھﯿﻢ ﺻﺎﻟﺢ

أﺳﺘﺎذ ﻣﺴﺎﻋﺪ اﻻﻟﻜﺘﺮوﻧﯿﺎت واﻻﺗﺼﺎﻻت اﻟﻜﮭﺮﺑﯿﺔ -ھﯿﺌﺔ اﻟﻄﺎﻗﺔ اﻟﺬرﯾﺔ
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