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ABSTRACT 
 

 Information retrieval systems are playing an important role in our day to day life for 
getting the required information. Many text retrieval systems are available and are 
working successfully. Even though internet is full of other media like images, audio 
and video, retrieval systems for these media are rare and have not achieved success 
as that of text retrieval systems. Image retrieval systems are useful in many 
applications; there is a high demand for effective and efficient tool for image 
organization and retrieval as per users need. Images are classified into text based 
image retrieval and content based image retrieval, we proposed a text based image 
retrieval system, which makes use of ontology to make the retrieval process 
intelligent. We worked on Cricket World Cup 2007. We combined text based image 
retrieval approach with content based image retrieval, which uses color and texture 
as basic low level features. 
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1  INTRODUCTION 
 
Internet makes it possible for human to access huge amount of information. The 
great paradox of the World Wide Web (we will refer it as web here onwards) is that 
the more information available about a given topic, the more difficult it is to locate 
the accurate and relevant information. Most of the users know what information they 
need, without knowing where to get it from. Some of the users know what the 
information they are looking for and where to get it from; and they get it by 
following appropriate links. But these users usually miss the relevant information 
available on the web which is far from their known links. Search engines can 
facilitate all users to locate such relevant information. 
 
Images have been used in human communications for a long time. Computers 
provide the facility of digital image capturing, processing and transmission, which 
makes the usage of digital images easily and widely. This helps us work better in 
some areas which are heavily dependent on images for communication, such as 
engineering, architecture, fashion, medicine etc. Since images are more expressive 
than words in some cases, most of web sites use images to express their contents. 
Web contains a great numbers of images that may belong to structured collections (e. 
g. museum collections) or be part of some web pages. Thus, web contains millions of 
images which are scattered unorganized. 

1.1 Need and Applications 
 
Many information retrieval systems appeared in recent years. Text retrieval systems 
satisfy users with sufficient success. Google and Yahoo! are two examples of the top 
retrieval systems which have billions of hits a day. Even though Internet contains 
media like images, audio and video, retrieval systems for these types of media are 
rare and have not achieved success as that of text retrieval systems. Image retrieval 
systems are useful in vast number of applications like engineering, fashion, travels 
and tourism, architecture etc. Thus we need a powerful image search engine which 
will organize and index the images available on web. 
 
In simple words, an image retrieval system is defined as a computer system for 
browsing, searching and retrieving images from a large database of digital images. 
The database mentioned here can be a small photo album or can be the whole web. 
There are lots of applications where the images are used; and thus image retrieval 
systems will facilitate their work. Some of them are [12]: 
 
               1.     Education and Training 
               2.     Travel and Tourism 
               3.     Fingerprint Recognition 
               4.     Face Recognition 
               5.     Surveillance system 
               6.     Home Entertainment 
               7.     Fashion, Architecture and Engineering 
               8.     Historic and Art Research 
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Users from all these fields have different demands for images. Journalists may need 
photographs of particular events; designers may ask for materials with particular 
colors or shapes; while engineers may ask for drawings of particular models. The 
image retrieval system should thus facilitate all these users to locate images that 
satisfy their demands through queries. 

1.2 Query Characteristics 
 
Users from different fields use different kinds of queries to retrieve images. To 
understand these types of queries, we need to focus on what is the background of 
users, why they needs image, how they express their requirements, how they make 
use of images, etc. Users may express images with the following criteria: 
 
1. A particular combination of color, texture or shape features (e.g. yellow circle); 
2. An arrangement of specific types of objects (e.g. chairs around a table); 
3. A particular type of event (e.g. a cricket match)  
4. A particular location, individual or event (e.g. Taj Mahal, speech of George Bush); 
5. A particular emotion depicted in the image (e.g. happiness); 
6. Metadata of an image, such as who created the image, where and when; 
 
Except the last, each listed query type represents a higher level of abstraction than its 
predecessor, and each is more difficult to answer without reference to an external 
knowledge. Hyvonen et al. [11] divided image queries into 3 levels: 
 
Level 1 comprises the retrieval of images by primitive features such as color, texture, 
shape or the spatial location of image elements. Examples of such queries might 
include “find images with dark orange circle at the top of an image”, “find images 
containing seven blue squares arranged in a circle”. On this level, the features which 
can be derived directly and automatically from images are used. We need not refer to 
any external knowledge. This type of retrieval is useful in small and specialized 
domains. 
 
Level 2 comprises the retrieval of images using features, which are derived from the 
primitive features and some external knowledge. It generally needs some logical 
inference to identify the objects in the image. It is further divided into: 
 
a) Retrieval of objects of a given type (e.g.  “find images of a taxi”); 
b) Retrieval of individual objects or persons (“find images of the Taj Mahal”) 
 
In the first example above, some prior understanding is necessary to identify an 
object as a taxi rather than a bus. In the second example, one needs the knowledge 
that a given individual structure has been given the name “the Taj Mahal”. Search 
criteria on this level of queries are generally more encountered than first query. 
 
Level 3 comprises the retrieval by abstract attributes, involving a significant amount 
of high-level reasoning about the meaning and purpose of the objects or scenes 
depicted. Again, this level of retrieval can be divided into: 
 
a) Retrieval of images containing named events or activity (“find images of Punjabi 
folk dancing”); 
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b) Retrieval of images with emotional or religious significance (“find images 
depicting laughing”). Success to answer the query on this level requires more 
complex reasoning, subjective judgments so as to make the link between image 
content and abstract concepts of image. These queries are difficult to answer 
automatically than level 2 queries. But at the same time, these are encountered less 
number of times than level 2 queries. 
 
Thus to get the precise output, user should form his query as expressive as possible. 
Web image search engines such as Google, Yahoo, and Alta Vista take a keyword or 
collection of keywords as input of query and return the result of retrieval. An 
interface, in which users can upload image as a query image and/ or can give 
keyword as a supporting query will help user to express his query effectively. Most 
of the image retrieval systems combine level 2 and level 3 into a single level and is 
known as high level and level 1 as low level. The gap between the levels at which 
users express their queries and the level on which search engines work is called as a 
semantic gap. Zhao and Grosky [30] defined the semantic gap as “it corresponds to 
the mismatch between users request and the way automated search engines try to 
satisfy these requests”. 
 

1.3 Text Based Image Retrieval 
 
Text based image retrieval systems use methods, which vary from simple frequency-
of–occurrence based [26] method to ontology based method. Text based image 
retrieval systems are assumed to handle semantic queries more effectively than 
content based image retrieval systems. 
 
Early text based image retrieval systems relied on manual annotations of images, in 
which users annotate each image with one or more keywords which describe the 
image contents. These annotations are then used for retrieving images. Manual image 
annotation is time consuming and subjective. Two persons can refer same image by 
different annotations. Also same person can refer same image by different 
annotations at different times according to the environment. Thus manual annotation 
is used in the context of small domains only, such as personal album, digital library, 
virtual museum etc. Zhao and Grosky [33] pointed out two problems of manual 
annotations (1) synonyms means there are more than one ways to refer to the same 
object. This leads to poor recall. (2) Polysemy means same word can be used to refer 
to more than one objects. This leads to poor precisions. Thus we can rely on 
automatic image indexing. 
 
There are many approaches for automatic indexing. One of them is to count the 
frequency-of-occurrence of words. This simple approach can be extended by giving 
more weights to the words which occur in the alt or src tag of the image or which can 
occur inside the head tag or any other important tags of the HTML document. Also, 
weights can be given depending upon the physical distance of the words from the 
image in a web page. Relevance feedback from the users about the produced results 
can be used to refine the weights of keywords. Decisions about procedures to assign 
weights to keywords are also affected by the domain. Finally, these weights are 
considered for retrieving images.  
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Some text based image retrieval systems make use of ontology to import an external 
knowledge of a particular domain of interest. Ontology encodes descriptions of 
different concepts and relationships among them [12]. These descriptions and 
relationship information is used for retrieving images. Such systems can handle 
semantic queries more powerfully. 
 

1.4 Content Based Image Retrieval 
 
CBIR (Content Based Image Retrieval) is a term used to describe the process of 
retrieving images form a large collection on the basis of features(such as color, 
texture etc) that can be automatically extracted form the images themselves [24]. The 
retrieval thus depends on the contents of images. CBIR is relatively a new topic and 
has become a hot research topic in last few years. 
 
The features that are used in CBIR should correspond directly to general routine 
notions of the human vision. For example, color, texture and shape are general terms 
used by most of people. These features are mostly used for CBIR. But it is hard to 
define precisely how these features are discriminated by humans. Also, such 
discriminations are different for different people. Thus we need to pre-define the 
suitable feature representation scheme for each of these features. These features can 
be applicable over complete image or over a small region of the image. 
 
It is found that in most image retrieval systems, color based features play a 
prominent role. Indeed, color is the most important factor in human perception. The 
most common representation of color information is in the form of color histogram, 
which statically is the probability of any given pixel having a specific intensity in 
each of the color channels. Color anglogram [30], correlogram [10], color co-
occurrence matrix (CCM) [22] are some of the other feature representations for 
color. 
 
Global histogram gives information about the color contents of image and not the 
spatial distribution of color in image. Thus color feature alone can not give 
satisfactory results. Texture can give additional information about the spatial 
arrangements and patterns of varying intensity available image. Texture is an 
important element to human vision. Texture has been found to provide cues to scene 
depth and surface orientation. People also tend to relate texture elements of varying 
size to a 3-D surface. Even in graphic systems greater realism is achieved when 
textures are mapped to 3-D surfaces. Gabor filters, Tamura filters, Gray level co-
occurrence matrix (GLCM) etc are used for the texture representation. Discrete 
Wavelet Transform (DWT) is found to be an effective tool for signal analysis. 
Wavelets have properties that are suitable for representation of an image texture. 
Daubechies wavelets and Haar wavelets are some of the examples of texture 
representation [24]. 
 
Shape information is considered to be one of the most difficult features to extract 
reliably from images since there are no mathematical definitions of shape similarity 
which can take into account the various qualities which human assign to shape. 
While using shape, it is important that the representation should be invariant to basic 
transformations such as rotation, scale etc. some of the features that are used to 
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represent shape are moment invariants, circularity, area, minimum and maximum 
axis. 
 
These features of the database images are calculated offline and stored into database. 
User gives one image as the query image (which may be uploaded or selected from 
the previous results). Then a system calculates corresponding features for the query 
image. Similarity measure takes these feature values and those from database and 
calculate the similarity among query image and each of the database images. 
Database images finally are ranked and displayed according to similarity measure. 
 
In general, CBIR can be described in terms of following stages: 
 
a. Identification and utilization of intuitive visual features. 
b. Features representation 
c. Automatic extraction of features. 
d. Efficient indexing over these features. 
e. Online extraction of these features from query image. 
f. Distance measure calculation to rank images. 
 
Following are some of the CBIR based systems: 
 
1. PicSOM Image Browsing System    http://www.cis.hut.fi/picsom 
 
 

            
Figure 1: PICSOM Information Browsing System 
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2. QBIC system (IBM)                          http://www.qbic.almaden.ibm.com/ 
 

 
 

Figure 2: QBIC System 
 

1.5 Problem Domain and Area 
 
Due to the rapid growth of Internet users can access huge amounts of information, 
yet finding the required and relevant information remains a hard task. Information 
may be text or visual images. Text based information retrieval systems are available 
for searching text and have achieved a lot of progresses. Despite of large number of 
images available in the web, search engines for image retrieval are still rare. There is 
a need to develop systems that help to locate the required images with good precision 
in a reasonable time, and these tools are used for many applications and purposes.   
 
Text retrieval systems work on actual text present in the web pages and thus keyword 
extraction and indexing is some what straight forward. But image retrieval system is 
different from  traditional information retrieval systems in that image databases are 
essentially unstructured, since digitized images consists purely of arrays of pixels 
intensities with no underlying meaning. One of the key issues with any kind of  
image processing is the need to extract useful information from the raw data (such as 
recognizing the presence of particular shapes or textures)   before any kind of 
reasoning about the image’s contents is possible. 
 
Another problem is about the interface provided to users. Text retrieval systems 
provide the simple interface, in which user can enter the query keyword. This is not 
the case with image retrieval systems, in which user should be supported with the 
special facility to express his query such as sketch pad or query image upload 
facility. 
 

1.6 Aim and Objectives 
 

The main aim of this thesis is to develop an image retrieval application for efficient 
image retrieval to facilitate image search user through queries. The objectives that 
are to be fulfilled to achieve this aim are: 
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1. Identifying requirements of the image search user. 
2. Developing ontology for the given query using TBIR. 
3. Using Protégé 3.1 implementing the application. 
4. Using Color and Texture features to retrieve image using CBIR 
5. Combining both the approaches to improve Precision 

 

1.7 Research Methodology 
 
Combinatorial approach of quantitative and qualitative research methodologies has 
been used in our thesis work. Qualitative research methodology with analytical 
research is used is used in our thesis work by accumulating literature from validated 
sources through literature survey. Analytical research has been used for identifying 
the limitations in the existing image retrieval systems and studying the process for 
implementing the system by analyzing the accumulated literature from validated 
sources. Literature regarding image retrieval systems such as QBIC, VisualSEEK, 
Netra, and Blobworld is analyzed for identifying the limitations. Literature regarding 
ontology, protégé, color histograms and texture features has been applied analytically 
for implementation of proposed image retrieval system.  
 
 The literature gathered has been analyzed by the authors in chapter 6.Quatitative 
research methodology with case study is used to confirm the validity of results by 
taking different combinatorial proportions of TBIR and CBIR in chapter. The case 
study is performed on a specific domain, Cricket World Cup 2007. We have checked 
the precision rates of the system for TBIR and CBIR individually by applying 
quantitative research methodology (by values and graphs). Then, we used different 
proportions of combining TBIR and CBIR. The results obtained are also analyzed 
quantitatively to validate 

 
RESEARCH QUESTIONS 
 

1) What are the requirements identified for image search user? 
2) How do we develop ontology for the given query using TBIR? 
3) Why should we integrate TBIR and CBIR for image retrieval? 
4) What should be the proportion of TBIR and CBIR combination to achieve 

good precision rate? 
5) How can image search user interact with the combinatorial approach of TBIR 

and CBIR? 

1.8 Scope of the Thesis 
 
The thesis work addresses some important challenges related to image retrieval by 
combining TBIR and CBIR. However there are complexities that occur   while using 
this approach, those complexities are left for future work as they cannot be addressed 
within a short span of time provided for thesis work. 

1.9 Organization of Thesis  
 
Contents of the thesis are structured as follows: 
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 Section 1: Chapter 1 has provided introductory information about image retrieval 
application. It discusses about needs and application of image retrieval, 
characteristics o image retrieval queries, text based image retrieval, content based 
image retrieval and finally the challenges of image retrieval. 
 
Section 2: Chapter 2 deals with ‘Ontology’. It covers some basic concepts related to 
ontology, ontology types, different languages that are used to write ontology. It then 
discusses about an ontology editor Protégé and finally about the procedure that we 
followed to develop Cricket World Cup 2007 ontology. 
 
Section 3:  Chapter 3 discuss about our approach for text based image retrieval, 
which makes use of ontology for semantic retrieval. It discusses about different text 
based image retrieval approaches, then our approach and finally the implementation 
details of our approach. Chapter 4 discuss about our approach for content based 
image retrieval which makes use of color histogram and texture features. 
 
Section 4: Chapter 5, 6 reviews the literature of image retrieval field. It discusses 
about different approaches for text based image retrieval and for content based image 
retrieval. Finally it covers some approaches which combine two approaches. Chapter 
7 describes the conclusion and the future work of the thesis. 
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2  INTRODUCTION TO ONTOLOGY 
 
In this chapter, we discuss basic concepts of ontology, languages used to write the 
ontology, different ontology editor tools and the procedure to develop ontology. 
Frequency-of–occurrence based approach for text based image retrieval faces the 
problem of semantic gap. User expects query to be expressed in semantic manner 
while system works on raw keyword occurrence information, without considering 
semantic meaning of keywords. To add some semantic information to this keyword 
occurrence information, we can get help from some of the semantic web techniques. 

2.1 Semantic Web 
 
The basic idea of the semantic web is to use the new XML (Extensible markup 
language) and RDF (Resource description framework) based standards to serve as 
common norms of all information representation and description on the Internet. 
These languages and frameworks are recommendations of the World Wide Web 
consortium (W3C) [30], which is very influential international consortium in 
semantic web field. Ontologies are used as the new means of creating and using the 
metadata in annotation and retrieval. Instead of searching just character string 
without considering inherent meaning, intended meanings of keywords and contexts 
can be used with ontology based retrieval tools [26]. 

2.2 Ontology 
Ontology based research is new but notable topic in today’s computer science and 
the development of the semantic web is well attached with ontologies. Since the 
beginning of the nineties, ontology has become a more and more popular research 
topic investigated by several AI research communities including knowledge 
representation, natural language processing, intelligent information integration, 
information retrieval etc. The reason that ontologies are so popular is due to what 
they promise and give: ontologies provide an easy and feasible way of capturing a 
shared understanding of terms from a particular domain of interest, which can be 
used by humans and programs to use as a medium for information exchange. 
“Computer science gives us the techniques to express ontologies efficiently, and 

Internet is the ideal testing ground for ontology based applications” [26]. 

2.2.1 Definition 
 
Gruber [8] defined ontology as a “formal”, “explicit” specification of a “shared 
conceptualization”. A conceptualization of some phenomenon identifies and 
determines the relevant concepts and the relations of that phenomenon. Explicit 
means that the type of the used concepts and constraints are explicitly defined. 
Formal refers to the fact that ontology should be return in a formal language, so that 
it can be read by machine. Shared reflects the motion that the ontology is not 
restricted to some individual, but accepted by it by a larger group of individuals, 
which may be from different background and different locations. When user accepts 
some ontology, is assumed to agree with the knowledge explained in that ontology. 
At the best, the group can include all the people and the programs in the world.  
 
Priory knowledge, which we already know or which can be deducted from the priory 
knowledge, can be equated with ontology [26]. Thus ontology for a particular 
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domain should cover information about possibly all types of entities and their 
classification hierarchy, and also all the relations by which the entities are associated 
with each other. 
 
Basic role of ontology in knowledge engineering is to facilitate the construction of a 
model of the domain of interest, which will serve as common platform for 
knowledge representation and knowledge sharing. Ontology provides vocabulary for 
concepts and relations with which to model the domain. Recently ontologies are 
developed to provide the standard form of communications among people and 
programs or among different programs [6]. Ontology development is a co-operative 
process involving domain experts and knowledge engineers. 

2.2.2 Components of ontology 
In this section, we discuss some of the important concepts in ontology, which one 
should be aware of before developing ontology [9]. 
 
Individuals (Instances) 
Individuals represent basic level objects in the domain that we are interested in. 
Individuals can refer to as being ‘instances of classes’. E.g. in Cricket domain, 
‘Fleming’, ‘India’ are instances of classes ‘Player’ and ‘Team’ respectively. 
 
Classes 
Classes are collection of individuals having some common properties. They are 
described using formal descriptions, which state precisely the requirements for 
membership of the class. The word concept is sometimes used in place of class. 
Classes are a concrete representation of concepts. Classes are organized into class-
subclass hierarchy known as taxonomy. 
 
Disjoint Classes 
Two or more sibling classes are said to be disjoint when any individual cannot be an 
instance of more than one of those classes. E.g. a person can be an instance of any 
one of the classes ‘Player’, ‘Coach’, ‘Manager’. Thus those classes should be defined 
as disjoint classes. 
 
Properties (Slots) 
Properties are binary relations on individuals i.e. properties link two individuals 
together. E.g. the property ‘is Captain of’ link an individual ‘Dravid’ to ‘India’. 
Properties are roughly equivalent to slots in Protégé and relations in UML. There are 
two main types of properties, Object properties and Data type properties. Object 
properties link an individual to an individual. Data type properties link an individual 
to an XML Schema data type value or an RDF literal. 
 
Inverse Property 
”An object property may have a corresponding inverse property. Consider two 

individuals ‘a’ ad ‘b’, if some property links an individual ‘a’ to an individual ‘b’ 

then inverse property will link individual ‘b’ to individual ‘a’” [9]. E.g. Properties 
‘isCaptainof’ and ‘hasCaptain’ are inverse to each other. 
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Property Domains and Ranges 
“Properties may have a domain and range classes specified. Property links an 

individual from the domain class to an individual from the range class”. E.g. 
Property ‘isCaptainof’ has class ‘Player’ as domain and class ‘Team’ as range. 
 

Functional and Inverse Functional Properties 
“If a property is functional, for a given individual, there can be at most one 

individual that is related to the individual via the property [6].” If a property is an 
inverse functional, then the inverse property is functional. 
 
Transitive Properties 
If a property P is transitive, and the property relates individual ‘a’ to individual ‘b’, 
and also individual ‘b’ to individual ‘c’, then we can say that individual ‘a’ is related 
to individual ‘c’ through property P. 
 
Symmetric Properties 
If a property P is symmetric, and the property relates individual ‘a’ to individual ‘b’ 
then individual ‘b’ is also related to individual ‘a’ through property P. 

2.2.3 Ontology Types and Frameworks 
Styrman [26] classified the ontologies into different types depending on their 
generality levels. These ontologies play different roles in the process of building a 
knowledge-based system. Any information structure can be called ‘an ontology’  for 
example the table of contents in a text book, a front cover of a text book and a data 
base can all be considered as ontologies. “There is not a widely accepted 

classification of ontology types, but some ontology types can be distinguished among 

others. The following is an example of ontology itself:  ontology of ontology types 

where one ontology can belong to more than one category” [26] 
 
Representational ontologies: without sticking to any particular domain this kind of 
ontology  provides representational primitives. Exact purposes of the primitives 
are not expressed by this ontology, but they provide a framework that enables the 
usage of the provided representational primitives. Examples of the representational 
ontologies are the Class structure and Resource structure Description Framework 
Schema (RDFS). Class structure is same as file and folder organization on computer 
system. 
 
Top level, generic, core, and common-sense ontologies: capture the common-sense 
human knowledge about everyday life providing basic notions about concepts like 
space, state, event, etc. Thus they are valid across several domains and provide a 
basic, domain independent vocabulary and object specifications to be used as the 
basis of other, more domain specific ontologies. 
 
Metadata ontologies: for describing the contents of on-line information resources in 
the web a vocabulary or category has been provided [5].  
 
Domain ontologies: describe a reusable vocabulary of a given domain of interest. 
These ontologies may be used as the foundation of domain specific ontology. 
Domains happening around such as cricket world cup, promotions etc. are described 
by this kind of ontology. 
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Application, Method and task-specific ontologies: specify the vocabulary required 
to model a certain application, and provides the base-structure of an application. 
Application ontologies and domain ontologies can be very similar in nature. Domain- 
task ontologies are task- specific ontologies where intended problem solving covers 
problems only in a given domain area. 

2.2.4 Ontology Languages  
Ontology languages are formal languages used to construct ontologies. They allow 
the encoding of knowledge about specific domains and often include reasoning rules, 
which support the processing of that knowledge to draw some intelligent 
information. Some of the languages are: Knowledge Interchange Format (KIF), 
Operational Conceptual Modeling Language (OCML), and Resource Description 
Framework Schema RDFS), Web Ontology Language (OWL) etc. Here, we discuss 
XML based languages in brief [26]. 
 
RDFS (Resource Description Framework Schema) [26] is an extensible knowledge 
representation language, providing basic elements for the description of ontologies, 
intended to structure RDF resources. This is most simple language among all the 
XML based language. 
 
OIL (Ontology interference Layer or Ontology Interchange Language)1

  can be 
regarded as an ontology infrastructure for the semantic web. OIL is based on 
concepts developed in Description Logic and Frame Based Systems and is 
compatible with RDFS.OIL is developed at Vrije University, Amsterdam. Much of 
the work in OIL is now incorporated into Web Ontology Language (OWL). 
 
DAML (DARPA Agent Markup Language) 2 aims to enable the next generation of 
the web, which actually understands the meaning of contents. It is a semantic markup 
language for web resources. It builds on earlier W3C standards such as RDF and 
RDF Schema, and extends these languages with richer modeling primitives. Current 
research in DAMN is leading toward the expression of ontologies and rules for 
reasoning and action. Much of the work in DAML is now incorporated into OWL. 
 
DAML +OIL

2
  this is a successor language to DAML and OIL that combines 

features of both. DAML+OIL provide modeling primitives commonly found in 
frame-based languages. DAML+OIL use RDF namespaces to organize and assist 
with integration of arbitrarily much different and incompatible ontology. 
 
OWL (Web Ontology Language) 3 [9] is designed for use by applications that need 
to process the content of information instead of just presenting information. It 
facilitates greater machine interoperability of information by providing additional 
vocabulary along with formal semantics. OWL is based on earlier languages OIL and 
DAMN+OIL, and is now a W3C recommendation. OWL is a major technology for 
the future implementation of semantic web. It is playing an important role in an 
increasing number of applications, and is the focus of research into tools, reasoning 
techniques, formal foundations and language extensions. 
 

                                                      
1 www.ontoknowledge.org/oil  
2 www.daml.org  
3 W3c- www.w3.org. 



  13 

OWL was developed to augment the facilities for expressing semantics (meaning)         
provided by XML, RDF, and RDFS. Consequently, it may be considered as an 
evolution of these web languages in terms of its ability to represent machine-
interpretable semantic content on the web. Because the language is intended to be 
read by computer applications, it is sometimes not considered to be human readable. 
OWL is being used to create standards that provide a framework for asset 
management, enterprise integration, and data sharing on the web. 
 
SWRL (Semantic Web Rule Language)1   is a proposal for semantic web rules-
language, combining sublanguages of the OWL Web Ontology Language (OWL DL 
and Lite) with those of the Rule Markup Language. Rules are of the form of an 
implication between an antecedent and consequent. The intended meaning can be 
read as: whenever the conditions specified in the antecedent hold, then the conditions 
specified in consequent must also hold. 

2.2.5 Types of OWL 
OWL ontologies may be categorized into three species or sub-languages: OWL-Lite, 
OWL-DL and OWL-Full. A defining feature of each sub-language is its 
expressiveness. OWL-Lite is least Expressive sub-language when compared with the 
other two, while OWL-Full is most expressive one. The expressiveness of OWL-DL 
falls between OWL-Lite and OWL-Full. OWL-DL may be considered as an 
extension of OWL-Lite and OWL-Full as an extension of OWL-DL [9]. 
 
OWL Lite: “OWL-Lite is the syntactically simplest sub-language. It is intended to 

used in situations, where only a simple class hierarchy and simple constrains are 

needed”   [9]. This is used when the intended ontology is simple. 
 
OWL-DL: “OWL-DL is much more expressive than OWL-Lite and is based on 

Description Logics (hence the suffix DL). Description Logics are a decidable 

fragment of First Order Logic (FOL) and are therefore capable of automated 

reasoning. It is therefore possible to automatically compute the classification 

hierarchy and check for inconsistencies in an ontology that conforms to OWL-DL”   
[9]. 
 
OWL-Full: “OWL-Full is the most expressive OWL sub-language. It is intended to 

be used in situations, where very high expressiveness is more important than being 

able to guarantee the decidability or computational completeness of the language. It 

is therefore not possible to perform automated reasoning on OWL-Full   ontologies” 
[9]. 

2.3 Ontologization 
 
“The process of developing ontology is called Ontologization” [26]. In this section, 
we discuss different stages of Ontologization, with image annotation and retrieval as 
application into consideration. The overall goal in Ontologization is to construct an 
information structure with only the necessary information in a compact form where 

                                                      
1 www.daml.org     
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all intended user groups can find every bit of information as quickly and as easily as 
possible. 
     
      Ontology development is similar to that of a software development in general. 
After an overall project plan, in a software development project after an overall 
project plan, it usually proceeds to requirement analysis, in the same way; primary 
stage in developing ontology is requirement analysis. The requirements define what 
should be done without specifying how to do it. Thus requirements should be defined 
without considering the tool, language to be used to develop ontology. Requirements 
should be very clear and specific [26]. Languages and tools are selected for ontology 
development depending on the requirements. Language should be powerful enough 
to solve all the requirements. Like in the software development, process model 
defines the way in which development procedure will be carried out. Requirements, 
resources and skills available etc. affect the selection of the process model. In the 
beginning of Ontologization, the ontologist should get acquainted with the subject 
domain. It is necessary for the ontologist first to understand the domain before 
starting to create a formal ontology. If categories and their relations are created 
without understanding the domain, it is probable that logically wrong or non-optimal 
choices are made, which leads to time-consuming extra repairing work later on. The 
ontologist should search for and use the already existing standard vocabulary 
specifications and other guidelines from experts of the subject domain. In this stage 
the actual development of ontology starts. ‘What has to be described?’ will be 
answered by all the top level classes, while rest of the ontology answers the question 
‘how it is described?’ All the top level classes should collectively cover whole 
domain and the same time, they should have minimum redundancy. In this stage 
remaining classes, instances and properties among them are created. Class and 
properties creation goes hand in hand. For a particular class, all the relevant 
properties are added and for a particular property, all the relevant classes are added. 
Instances are related through properties [26]. 
 
Testing the Ontology 
Like the software, ontology should be tested. The granularity of each classification is 
checked. If the granularity is too high, some of sibling classes are combined into 
single class. If the granularity is low, some of the classes are extended further for 
classification. The refines ontology is then made available for the application [26.] 

2.4 Protégé 
 
Many tools are available to create and edit the ontology e.g. COPORUM Onto 
Builder1 , which uses RDFS as a base language; ICOM1, which uses Description 
Logic; OilEd1, which supports DAMN+OIL and developed by the University of 
Manchester [9]; protégé which supports RDFS and OWL languages and developed 
by Stanford University etc. 
 
Protégé is mostly used and powerful editor to develop ontologies. The tool is freely 
available [19], open source ontology editor and knowledge-base framework. The 
Protégé platform supports two main ways of modeling ontologies via the Protégé-

                                                      
1 http://www.xml.com/2002/11/06/Ontology_Editor_Survey.html. 
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Frames and Protégé-OWL editors. We have used the Protégé-OWL editor. Protégé is 
base on Java and it provides plug-and=play environment, which makes it flexible 
base fore rapid prototyping and application development. Protégé is supported by a 
strong community of developers and academic, government and corporate users, who 
are using Protégé to construct domain models and knowledge-based applications 
with ontologies. 
 
OWL ontology includes description of classes, properties and their instances. Given 
such ontology, the OWL formal semantics specifies how to derive its logical 
consequences, i.e. facts not literally present in the ontology, but entailed by the 
semantics. These entailments may be based on a single document or multiple 
distributed documents that have been combined using defined OWL mechanisms.  
 
Protégé tool contains special browsers for Classes, Forms, and Properties etc [19]. 
Figure 3 shows some part from the class browser, which shows the class hierarchy of 
cricket ontology. It shows ‘Wicketkeeper’, ‘Bowler’, etc classes as sub-classes of the 
‘Player’ class on left side of the figure and comment on the ‘Wicketkeeper’ class in 
top right corner describing meaning of the class [6]. 
 

 
 

 Figure 3: Class Browser in protégé 3.3.1 
 

Figure 4 shows part of property browser containing options for creating object 
property, data type property, sub property, for deleting property etc. It shows the 
hierarchy among properties and domain and range classes (Wicketkeeper and Team 
respectively) for ‘isAWicketkeeperOf’ Property. 
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Figure 4: Property Browser in Protégé 3.3.1 

 
Figure 5 shows part of the browser for Individuals. It shows ‘Australia’, ‘India’ etc 
as instances of the class ‘Team’. It also shows the ‘belongsToGroup’ and ‘hasCoach’ 
relationships of an individual ‘Australia’ with individuals ‘A’ and ‘John Buchanan’ 
respectively which are instances of classes ‘Group’ and ‘Coach’. 
 

 
 

Figure 5: Individual Browser in Protégé 3.3.1 
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3 TEXT BASED IMAGE RETRIEVAL USING 

ONTOLOGY 
 
In this chapter, we discuss about text based image retrieval and its types, our 
approach for text based image retrieval, which makes use of ontology and finally the 
implementation details of our approach. 
 
Text based (also known as keyword based) image retrieval systems are simple in 
nature as compared to CBIR. Text based methods vary from simple frequency-of-
occurrence based method to ontology based method. Text based image retrieval 
systems handle semantic queries more effectively than content based image retrieval 
systems. 

3.1 Types of Text Based Image Retrieval 
Styrman [26] has divided the text based image retrieval systems into three categories: 

3.1.1 Frequency-of-Occurrence Based Method 
 
This method is the simplest of all the methods. As the name suggests, this method 
takes into account frequency-of-occurrence of keywords. Keywords having 
maximum occurrence in a particular document are assumed to be important in that 
document, and thus important from the point of view of images in that document. 
Thus given a query keyword ‘k’, documents are ordered in descending order of 
frequency of occurrence of keyword ‘k’ and images from the ordered documents are 
retrieved as a result. 
 
Some approaches are not as simple as described. They calculate weight of each 
keyword in documents. While calculating weights, these approaches take into 
consideration the occurrence of keyword in particular positions in document such as 
heading of a document, ‘alt’ and ‘src’ tags of images, distance of keyword from 
image etc. Some approaches consider the global importance of the keyword in all 
documents. When a particular keyword is rare in the whole document collection, it is 
assigned more weight when it occurs in any document [26]. 
 
In vector space model, document vector is calculated for each document. Document 
vector is one dimensional array containing weights of all keywords in the 
corresponding document. Searching in document vector is radically faster than to 
search directly from the documents, even with the optimized character parsing 
techniques. Vector space model is effective in handling Boolean queries, which 
consists of logically ANDing or ORIng of keywords [14]. 
 

3.1.2 Field Based Method  
 
“The field-based method (also called attribute-based and feature-based method) 

describes an image by one or more field-value pairs [26]”. This approach generally 
uses manual annotation of images. Initially, the useful attributes for images are 
identified, which collectively describe image. For each attribute, some indication is 
given about the type of value that can be assigned. The attribute selection step is 
domain dependent. Then in the annotation step, for each image user (called as 
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annotator) selects or enters the values for all the attributes that are suitable for 
particular image. 
     
During retrieval, users are given the simple keyword based query interface, wherein 
they can type the query or can be given the same interface as that of annotator, 
wherein they can select or enter the values for image attributes. In the other case, 
users need not enter values for all the. However, entering the values for less number 
of attributes will yield too many images. On the other hand, entering the values for 
all the attributes is time consuming. One simple way of executing a field-based 
search is to give values to only a few attributes and start the search. If the precision is 
too low users can set more constraints by giving the values for a few more attributes 
or giving more accurate values for some attributes. Images with given attribute 
values (in some range) are retrieved [26]. 

3.1.3 Structure based method 
 
“Structure-based method can be seen as extension of field based paradigm. The field 

based approach essentially uses a flat structure of attribute-value pairs. The 

structure-based approach allows more complex descriptions involving relations. For 

example, a description of piece of furniture can include a description of its 

components, e.g. a drawer of chest. The components are again objects that can be 

described using a number of attributes such as material, size, and shape. 

Components can even have subcomponents themselves, e.g., drawers can have 

handles, and theoretically, the specification can go up to the depth where a 

component can’t have any more specific subcomponents”[26]. 
 
Ontology is used generally for structure based method of text based image retrieval. 
Concepts are organized in hierarchical order in ontology as described in chapter 3. 
Annotator links each image with one or more terms in the ontology, meaning that 
these terms collectively describe the image. During retrieval, user can be given with 
simple keyword based query interface or with the interface same as that provided to 
annotator for annotation. In later case user can select some terms from the ontology 
to start the search [26]. 

3.2 Automatic Image Annotation and Retrieval Using 

Ontology 
 
We propose a domain independent framework for text based image retrieval using 
ontology. It makes use of text available in the source documents as in frequency-
based method of text based image retrieval. This text generally depicts images in the 
documents and thus can be used to gather raw information about images. Ontology 
provides domain knowledge, which is used to draw intelligent information on the top 
of available raw information. We use vector space model [14, 21], in which 
document vectors are calculated online and then similarity measure is used to find 
similarity among query and each of the document. Documents are ranked according 
to similarity measure and images from them are displayed as a result of retrieval. 
 

3.2.1 Document vector  
Document vector Aj of a document dj consists of an array, in which an entry ai,j  

represents weight of a keyword ki in the document. Since documents are not related 
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to domain of interest and are rarely used to form search query, we consider only 
those keywords which are part of ontology while deriving document vectors. Thus 
the terms from ontology are enumerated and frequency of occurrence of only these 
keywords is preserved. This gives improved weight of a keyword in a document. 
 
Frequency of occurrence alone is not a good measure to compare two documents for 
similarity with query e.g. if keyword ‘k’ has frequency of occurrence equal to 10 and 
15 in documents d1 and d2 respectively and if the total number of words in 
documents d1 and d2 are 100 and 300 respectively, the n keyword k is more 
important in document d1 than in d2. This idea is used to calculate weight of a 
keyword in the document vector. Given frequency of occurrences of all the keyword 
in the document, we calculate the weight of keyword ki in a document using equation 
1. 
 

                                           
100i

k

i

j

f
W

f

×
=

∑
                                                                 (1) 

  
Where fi is the frequency of occurrence of keyword ki. Thus wki   represents 
percentage importance of the keyword ki, in the document among all the keywords 
from ontology. E.g. if there are 10 unique keywords in the domain having frequency 
of occurrences equal to 2,3,5,8,0,6,5,12,0 and 4.then the weight of the first keyword 
is equal to 2*100/(2+3+5+8+6+5+12+4) which is 4.4. Remaining weights are 
calculated in the same way and final document vector is shown in figure 6. 
 

4.4 6.6 11.1 17.8 0 13.3 11.1 26.7 0 8.9 

                                 

Figure 6: Document Vector 
 
We could go further to consider the global occurrence of keyword while calculating 
the weight of keyword in a document vector. Let’s say there are two keywords ‘k1’ 
and ‘k2’ with frequency of occurrence equal to 10 and 15 respectively in a 
document‘d’. If k2 occurs frequently in many documents as compared to k1, then 
weight of k1 should be higher than k2 in the corresponding document d. note that, we 
do not consider this step in our approach. 
 
Since there are hundreds of keywords in a domain and only some of them actually 
occur in any document, the document vectors are stored in sparse array 
representation i.e. we calculate and store weight of only those keywords which are 
actually present in document. 

3.2.2 Query Vector  
 
Given a query comprising of one or more keywords, we derive query vector online, 
with the help of ontology. Query vector formation is a two step procedure. In the first 
step, we have used hierarchical structure of ontology. Different classes are organized 
hierarchically in ontology with instances of these classes as leaves. An occurrence of 
a keyword in a document generally refers to all its super-classes in ontology along 
with the keyword itself. Thus an occurrence of keyword ‘Fleming’ refers to classes 
‘Player’ and ‘Person’ in addition to instance ‘Fleming’. Thus while calculating 
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weight of a keyword in a document; we should consider frequency-of-occurrences of 
the keyword itself and all the sub-classes and instances of that class (represented by 
keyword). We haven’t considered this during document vector formation. Instead, 
we consider it in the query vector formation. 
 
Query vector Q is an array containing weights of all the keywords in the query [14]. 
When asked for images of a particular concept, we map this concept with a class 
from ontology and assign weight to this class along with all its direct and indirect 
subclasses and instances. E.g. when asked for images of ‘Player’ we assign weights 
to ‘Player’ class as well as to classes ‘Blower’, ‘Wicketkeeper’ etc, which are 
subclasses of Player class and also to ‘Fleming’, ‘Dravid’ etc, which are instances of 
Player class. Obviously, keywords that occurred in the query should be assigned 
more weights than other keywords. Also, the weight should go on decreasing as we 
go down in ontology hierarchy tree from the original keyword. Keywords that are 
part of query are each assigned with weight equal to W, a constant. Weight assigned 
to a subclass or instance depends on distance of the same from the class that is in the 
query and is calculated using equation 2. 
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Where, distk is a distance of keyword k from asked class in ontology. Immediate 
subclass or instance is assumed to be at distance one, first indirect subclass or 
instance is assumed to be at distance two and so on. 
 
In the second step, properties in the ontology are used. User may not express his 
query explicitly. We may need to draw some information from query keywords e.g. 
when asked for images of Indian captain, we must draw extra information that user is 
asking for images of Rahul Dravid who was the India Captain in world cup 2007. 
Properties represent relationships among different instances. E.g. player instance 
‘Rahul Dravid’ is related to team instance ‘India’ with the property ‘isACaptainOf’ 
in an ontology. These properties are used in the second step of query vector 
formation. Thus along with the query keywords, other related keywords are derived 
from ontology properties and assigned with the weight equal to ‘W’. 
 
In this way, we derive query vector through two steps. E.g. if in the example of 
document vector formation, ki represents i

th keyword, k1 and k2 represent sibling 
classes, k3 and k4 represent subclasses of class k1; k5 and k6 represent subclasses of 
class k2; k7,k8,k9 and k10 represent instances of classes k3,k4,k5 and k6 respectively. If 
query contains keywords k1 and k6, then query vector will be as shown in figure 7 for 
W =20. Weights for the keywords are calculated using equation 2. Notice that we 
have not used second step here. 
                               

20 0 10 10 0 20 5 5 0 10 
 

Figure 7: Query Vector 
 
Like document vector, query is also stored in space array representation. Query 
formation using ontology knowledge makes the approach different from other 
approaches. Many of the approaches barely use only keywords that are part of query 



  21 

to form query vector, thus they may miss occurrence of subclasses and instances in 
document. Also such approaches can not handle semantic queries like ‘England 
captain’ or ‘Australia coach’ effectively. 

3.2.3 Image Retrieval  
 
We have document vectors for all the documents stored in database and query vector 
calculated online for the specified user query. We calculate similarity measure of 
each document with the query using equation 3. 
 

                                        

,

1
,

|| || || ||
j

n

i j i

i
q a

j

a q

Similarity
a q

=

×

=

×

∑

                                                  (3) 
 
Where n is length of document vector and query vector. This is general formula for 
cosine of the angle between two vectors, where ||aj|| and ||q|| represent magnitudes of 
document vector and query vectors respectively and are calculated using equation 4. 
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E.g. similarity measure among the document vector of figure 4 and query vector of 
figure 5 is 0.6823.Similarity measure of the document represents how similar is the 
document to the query. Thus documents are ranked with decreasing order of their 
similarity measures with the query. We can say that images from highly ranked 
documents are more relevant to the query. Thus, images from ranked documents are 
retrieved and displayed as a result of retrieval in the order of ranking of their source 
documents. 

3.2.4 Discussion 
 
With the help of ontology, we derive intelligent information on the top of raw 
‘frequency of occurrences’ information. Most of the ontology base image retrieval 
approaches use manual annotation. In manual annotation, user annotates an image 
with one or more concepts from ontology. Such annotation is time consuming and 
cumbersome. Our approach uses totally automatic annotation and doesn’t need any 
manual intervention for annotation. Generally text and images from the same 
documents are related. Thus systems make use of text that is available in the 
surrounding of images in the process of automatic annotation. 
 
Usually, ontology base image retrieval systems have domain dependent 
implementation. E.g. in [4], attributes for subject matter viewpoint are domain 
dependent. Since the system is working on animal photos, system considers attributes 
about animal organs, their actions etc. We can not use the same system for other 
domain as it is. Our approach, on the other hand, makes the system implementation 
purely domain independent. Thus system would be ready to work with any domain 
when provided with its domain ontology. Our approach will lose the precision as the 
size of domain interest increases, which is common in ontology based information 
retrieval approaches. 
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3.2.5 .Ontology Development 
 
Ontology is the description and classification of possibly all the concepts of a 
particular domain of interest. The granularity of the ontology is definer by the 
application which will use that ontology. Possibly all the concepts from a particular 
domain are organized in hierarchical structure with class- sub class relationship. We 
can define instances of these classes. It also involves defining relationships among 
these concepts. Relationships are represented by ‘properties’ in ontology. Chapter 3 
discusses about ontology and its implementation in detail. 
 
We used Protégé 3.1 to create cricket ontology with OWL as the output language 
(cricket.owl). This ontology is not the general ontology for cricket domain, because 
we have developed it with World Cup 2007 as the domain of interest. 
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4  COLOR AND TEXTURE BASED IMAGE 

RETRIEVAL  
 
In this chapter we discuss about Content Based Image Retrieval (CBIR) and its 
issues; color, its representation and our approach for color based image retrieval; and 
finally the texture, its representation and our approach for texture based image 
retrieval. 

4.1 Content Based Image Retrieval 

4.1.1 Definition 
 
CBIR (Content Based Image Retrieval) is the retrieval of images based on visual 
features such as color, texture, shape etc [24]. In CBIR, each image from the 
database has its features extracted and compared to the features of the query image. It 
involves two steps: extracting image features to a distinguishable extent and 
matching these features to yield a result that is visually similar [24]. 
  
CBIR is the application of computer vision to the image retrieval problem, that is, the 
problem of searching for digital images in large databases. ‘Content-based’ means 
that the search will analyze the actual contents of the image. The term ‘content’ in 
this context refers to the low level features of images, which are color, shape texture, 
or any information that can be derived from the image itself [24]. Without the ability 
to extract and examine image content, searches must rely on metadata such as 
captions or image descriptions. Such metadata must be generated by a human and 
stored alongside each image in the database. This process is time consuming and 
cumbersome and thus infeasible for large databases of images. 

4.1.2 Issues 
CBIR is different from text retrieval systems in many ways. In text documents, 
authors write the content in the text form, which itself is used for indexing. On the 
other hand, image content itself can not be used to index them [12]. We need to 
decide the features of images and need to come up with some representations for 
these features for indexing images. In text retrieval systems or text based image 
retrieval system, for a given query we divide the database into two parts: relevant and 
irrelevant; while in CBIR, we just rank the images according to similarity measure 
with no cut off to decide whether image is relevant or not. Apart from this, CBIR 
needs to handle many issues, some of which are [12]: 
 
Interface 
The ability for users to express their search demands accurately and easily is crucial 
in any retrieval system. In traditional information retrieval systems, user is provided 
with sample keyword based query interface [12]. Such interface is not useful for 
CBIR, which needs to express visual query. Query by example is the simple and 
most appealing paradigm, in which user provides the sample image to start the 
retrieval. We have used the same interface for CBIR in which user can upload an 
image or select an image from the previous search results [12]. 
 
High Dimensional Indexing 
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CBIR needs to handle the contiguous and high dimensional data such as color 
histogram. Finding index structures which allow efficient searching of an image 
database is still an unsolved problem. None of the index structures proposed for text 
retrieval has proved to be applicable for CBIR [12]. The most promising approach so 
far has been multidimensional indexing, using structures as the R* -tree, SS+ -tree 
etc; but the overheads of using these complex index structures are considerable. 
Recent approaches make use of clustering of images, wherein each cluster represents 
some high level concept. This approach allows hierarchical access fro retrieval and 
provides a way of browsing the database [12]. 

4.2 Color  

4.2.1 Introduction  
Humans recognize images with some features and the most important feature is 
color. Perceived color of an object depends on the reflection of light from that object 
to the eye and the processing of that information in the brain. We use color every day 
to identify objects, places etc. colors are defined in three dimensional color spaces 
e.g. RGB (RED, GREEN and BLUE), HSV (Hue, Saturation, and Value) or HSB 
(Hue, Saturation, and Brightness). Except RGB remaining two are dependent on the 
human perception of hue, saturation, and brightness [24]. 
 
Image formats such as JPEG, BMP, and GIF etc. use the RGB color space to store 
information. “RGB is a convenient color model, since the human visual system works 

in away that is similar – though not quite identical – to an RGB color space. The 

RGB color space is defined as a cube with red, green and blue axes” [24]. Thus, a 
vector with three coordinates represents the color in this space. When all the three 
coordinates are set to 1 the color perceived is white. With the change in the values of 
the coordinates of vector other colors are perceived. 

4.2.2 Color Representation  
Color features can be signified in many ways like color histogram, color anglogram, 
color correlogram etc. Color histogram is widely used technique in most of the CBIR 
approaches. “A color histogram is a type of bar graph, where height of each bar 

represents an amount of particular color of the color space being used in image” 

[24]. The bars in a color histogram are named as bins and they represent the x-axis. 
The number of bins depends on the number of colors there are in an image. The 
number of pixels in each bin denotes y-axis which shows how many pixels in an 
image are of a particular color [24]. 
 
In color histograms Quantization is a process where numbers of bins are reduced by 
taking colors that are similar to each other and placing them in the same bin. 
Quantizing reduces the space required to store the histogram information and time to 
compare the histograms. Obviously quantization reduces the information regarding 
the content of images. This is the trade off between space, processing time and 
accuracy in results [24]. 
 
Color histograms are classified into two types, global color histogram (GCH) and 
local color histogram (LCH) [24]. A GCH takes color histogram of whole image and 
thus represent information regarding whole image, without concerning color 
distribution of regions in image. In the contrary, an LCH divides an image into fixed 
blocks or regions and takes the color histogram of each of those blocks. LCH 
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contains more information about an image but when comparing images it is 
computationally expensive. GCH is known as traditional method for retrieving color 
based images. Since it does not include color distribution of the regions, when two 
GCHs are compared one might not always get a proper result when viewed in terms 
of similarity of images [24]. 

4.2.3 Color Histogram 
An image histogram refers to the probability mass function of the image intensities. 
This is extended for color images to capture the joint probabilities if the intensities of 
the three color channels (R, G and B). More formally, the color histogram is defined 
as: 
 
 , , ( , , ) . P rob{ , , }r g bh R G B N R r G g B b= = = =                                     (5) 
 
Where ‘R’, ‘G’ and ‘B’ represent the three color channels and ‘N’ is the number of 
pixels in the image. Computationally, the color histogram is formed by discretizing 

the colors within an image and counting the number of times each discrete color 

occurs in the image array.”  [27]. 
 

The main issues regarding the use of color histograms for indexing involve the 
choice of color space and Quantization of the color space. When a perceptually 
uniform color is selected, non-uniform quantization may be needed. To be 
compatible with the computer display, uniform quantization and RGB color space 
are used mostly. The color histogram can be thought of as asset of vectors. For gray-
scale images these are two dimensional vectors. One dimension gives the value of 
the gray-level and the other, the count of pixels at the gray-level. Fro color images 
the color histograms are composed of 4-D vectors. This makes color histograms very 
difficult to visualize. There are several lossy approaches for viewing color 
histograms; one of the easiest is to view separately the histograms of the color 
channels. This type os visualization does illustrate some of the silent features of the 
color histogram. 
 
We used 64 bins color histogram for color representation of images. Fro each pixel, 
we calculated R, G and B brightness values, which are then quantized to the range 0-
255. Thus each color brightness value is of 8 bits. Among these 8 bits, most 
significant bits (MSB) are more important. Small change in brightness will change 
only some of the least significant bits (LSB). On the other hand, change in MSBs 
means significant change in color. Thus we considered 2 MSBs from each color 
brightness value and append them one after another. Thus, among 6 bits, first 2 bits 
represent blue color. Thus for each pixel, three  bit brightness values are converted 
into single 6 bit value which may take value from 0 to 63.  On the similar line of 
creating histogram, we then calculated how many pixels have certain reduced 6 bit 
value of brightness. To eliminate the effect of size of image, we normalized the 
histogram values i.e. divided each value of histogram by sum of all values. 
 

4.2.4 Image retrieval  
In chapter 4, we discussed about crawling. We have possibly all the files from 
different cricket related to the website servers saved locally. These files are saved in 
the same way as they are saved on the server. We scanned all html documents and 
found out all the contained images with the help of ‘img src’ tag in these documents. 



  26 

Then we calculated and stored color histogram of each image as explained above. 
When given with a query image, system calculates color histogram of query image in 
the same way and uses it to rank images according to similarity measure that we used 
fro text based image retrieval explained in section 4.2.3 so that we can combine the 
results from both approaches. More on this is later. Images from databases are then 
ranked and displayed as result of retrieval. 

4.3 Texture 

4.3.1 Introduction 
Texture is the natural property of all surfaces, which describes visual patterns each 
having properties of homogeneity. A texture is characterized by intensity properties 
(tones) and spatial relationships (structural)1 . This is a feature that describes the 
distinctive physical composition of a surface. Six visual features are used in CBIR 
and they are2: 
Coarseness, 
Contrast, 
Directionality, 
Regularity, 
Roughness, 
Linelikeness, 
Texture is an important element to human vision. Texture provides information about 
scene depth and surface orientation. People also tend to relate texture elements of 
varying size to a plausible 3-D surface. Even in graphics systems greater realism is 
achieved when textures are mapped to 3-D surfaces [15]. Texture features have been 
used to identify contents of aerial imagery such as bodies of water, crop fields and 
mountains. Textures may be used to describe content of many real-world images: for 
example trees, bricks, hair, fabric. When combined with color and shape, texture 
provides detail information for human vision [15]. 
 
Texture is considered to be one of the most important features of an image in the 
field of CBIR. It is essentially the second order statistics over gray level information 
of image it is characterized by the spatial distribution of gray levels in a 
neighborhood. In order to capture the spatial dependence of gray- level values, which 
contribute to the perception of texture, a two-dimensional dependence texture 
analysis is taken into consideration. This two-dimensional matrix is obtained by 
decoding the image file e.g. jpeg, bmp etc [12]. 
 
The ability to retrieve images on the basis of texture similarity may not seem very 
useful. But the ability to match on texture similarity can often be useful in 
distinguishing between areas of images with similar color (such as sky and sea, or 
leaves and grass). A variety of techniques has been used for measuring texture 
similarity; the best-established rely on comparing values of what are known as 
second-order statistics calculated from query and stored images. Essentially, these 
calculate the relative brightness of selected pairs of pixels from each image. From 
these it is possible to calculate measures of image texture [12]. 
 

                                                      
1 http://www.cb.uu.se/~ingela/Teaching/ImageAnalysis/Texture2002.pdf 
2 http://www.cs.auckland.ac.nz/compsci708s1c/lectures/Glect-html/topic4c708FSC.html 
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Recent research on texture has explored both the analysis and synthesis of texture. 
The analysis of texture has been applied to problems of texture classification, 
discrimination and segmentation in this order of increasing difficulty. One important 
difficulty in modeling texture results from the cloudy definition of texture. In 
general, textures are visual patterns or spatial arrangements of pixels that regional 
intensity or color alone does not sufficiently describe. Textures may have statistical 
properties, structural properties, or both. They may consist of the structured and/ or 
random placement of elements, but also may be without fundamental subunits. 
Moreover, due to the diversity of textures appearing in natural images it is difficult to 
narrowly define texture. 
 

4.3.2 Texture Representation  
There are three principal approaches used to describe texture: 
 
a) Statistical techniques

1
 characterize textures using the statistical properties of the 

gray levels of the pixels of the image. Typically, these properties are computed using 
the gray level co-occurrence matrix (GLCM), or the discrete wavelet transformation 
(DWT) of the image. 
 
b) Structural techniques “characterize textures as being composed of simple 

primitive structures called “texels” (or texture elements). These are arranged 

regularly on a surface according to some surface arrangements rules” [24]. 
 
c) Spectral techniques “are based on properties of the Fourier spectrum and 

describe global periodicity of the gray levels of a surface by identifying high-energy 

peaks in the Fourier spectrum” [24]. 
 
Statistical techniques are useful to represent texture that can be used for image 
retrieval application. The most popular statistical representations of texture are [24]: 
 
i) Co-occurrence Matrix    
ii) Tamura Texture 
iii) Wavelet Transform 
 
We used two representations of the texture: 
 
1. Gray Level Co-occurrence Matrix (GLCM): This characterizes the texture of an 
image by calculating how often pairs of pixel with specific values and in a specified 
spatial relationship occur in an image and then extracting statistical measures from 
this matrix [24]. 
 
2. Texture Filter Functions: These functions use standard statistical measures such 
as range, standard deviation and entropy to characterize the local texture of an image. 
These statistics can characterize the texture of an image because they provide 
information about the local variability of the intensity values of pixels in an image 
[24]. 
 

                                                      
1 http://www.cb.uu.se/~ingela/Teaching/ImageAnalysis/Texture2002.pdf 
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4.3.3 Gray Level Co-occurrence Matrix (GLCM) 
GLCM, also known as the grey-level spatial dependence matrix, considers the spatial 
relationship of pixels. GLCM defines how often a pixel with the intensity (gray-
level) value ‘i’ occurs in a specific spatial relationship to a pixel with the value ‘j’. A 
formal mathematical definition of the gray level co-occurrence matrix is as follows 
[24]: 
 
1. Let P (a,   b) be a position operator that describes the relative position of pixel ‘a’ 

and pixel ‘b’. e.g. ‘a below b’ or ‘a three position to the right of b’ [24]. 
 
 2. Let A be an n x n matrix, whose element A[i] [j]  is the number of times that 
points with gray level (intensity ) g[i] and g[j]  occur in the positions specified by P 
[24]. 
 
 3. Let C be n x n matrix whose element C[i][j]  is produced by dividing A[i][j] with 
the total number of pairs of points that satisfy P. Thus, C[i][j] is a measure of the 
joint probability that a pair of points satisfying P will have values g[i], g[j [24]. 
 
 4. C is called a gray level co-occurrence matrix defined by P. 
 
The GLCM can reveal certain properties about the spatial distribution of the gray 
levels in the texture image. For example, if most of the entries in the GLCM are 
concentrated along the diagonal, the texture is coarse with respect to the specified 
offset. We can derive several other statistical measures from the GLCM. 
 
To illustrate, the figure 6 shows how to calculate the GLCM. The 4 x 5 matrix 
represents data matrix (or image intensity values) and the 8 x 8 matrix represents 
GLCM of the data matrix. In this example we will consider the spatial relationship as 
the pixel of interest and the pixel to its immediate right (Horizontally adjacent). 
 
In the output GLCM, cell (1, 5) contains value 1 because there is only one instance in 
the data matrix where two horizontally adjacent pixels have values 1 and 5 
respectively (1 in left pixel and 5 in right pixel). Also note that cell (7, 1) contains 
value 2 because there are two instances where two horizontally adjacent pixels have 
the values 7 and 1 respectively. 
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Figure 8: GLCM Calculation 
 

We calculated four GLCMs each with different spatial relationships as follows: 
 
The pixel having intensity ‘i’ is one cell above and one cell left to the pixel having 
intensity ‘j’ 
 
The pixel having intensity ‘i’  is one cell above and one cell right to pixel having 
intensity ‘j’. 
 
The pixel having intensity ‘i’ is one cell above the pixel having intensity ‘j’ 
 
The pixel having intensity ‘i’ is one cell left to the pixel having intensity ‘j’ 
 
After calculating the four GLCMs, we scanned the GLCMs row major wise and 
stored the values in four arrays of size 64. These four arrays are then appended one 
after another to create final array of size 256, which is our final texture representation 
using GLCM. This texture representation is calculated for each database image and 
stored into database offline. 

4.3.4 Texture Filter Functions  
The texture filter functions provide a statistical view of texture based on the image 
histogram. These functions can provide useful information about shape i.e., the 
spatial relationships of pixels in an image. We used three texture filter functions. 
 
a) Range  
For all the three functions, we used neighborhood matrix of each pixel which is 3 x 3        
matrixes containing the pixel itself and all its immediate neighbor pixels in image. 
Neighborhood matrixes for the pixels on boundary of image matrix are not 
considered. Range for a pixel is calculated using the equation 6. Thus range for a 
pixel is the difference between maximum values and minimum value in a 
neighborhood matrix [24]. 
 
Range = MaxNeighbor - MinNeighbor                                                         (6) 
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Small value of range indicates smooth texture while large value of range indicates 
rough texture. For an 8 level quantized intensity matrix, range can take 8 different 
values. Thus we stored range information in an array of size 8. First element of this 
array indicates number of pixels having range equal to 7, the maximum value. These 
values are finally normalized by dividing each value with sum of all values. 
 
b) Standard Deviation 
Standard deviation of pixels in a neighborhood indicates the degree of variability of 
pixel values in that region [24]. For each pixel, we calculated standard deviation over 
all the values in neighborhood matrix. Standard deviation is calculated using 
equation 7. 
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Where, N is total number of elements (in this case N= 9) and x is mean of all values. 
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We calculated standard deviation over neighborhood matrix for all pixels (excluding 
pixels on boundary of image matrix). For a set containing 9 values which have range 
between 0 and 7, both inclusive; standard deviation can take value between 0 and 
3.47. We have divided interval into 35 intervals of range 0.1 and counted the number 
of pixels having corresponding standard deviation value. These counts are stored in 
an array of size 35. Thus, first element of this array indicates number of pixels 
having standard deviation value between 0 and 0.1 while last element indicates 
number pixels having standard deviation value between 3.4 and 3.5. These values are 
finally normalized by dividing with the sum of all values. 
 
c) Entropy 
Entropy of a random variable indicates degree of uncertainty associated with the 
variable. Higher the entropy more uncertain is the value of random variable [24]. We 
use entropy of a set of numbers to calculate degree of randomness in the set. We 
calculate entropy over neighborhood matrix of all the pixels. Entropy of a set is 
calculated as: 
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Where, sum is summation of all the values. For a set containing 9 values which have 
range 0 to 7, both inclusive; entropy can take value between 0 and 3.17. We divided 
this interval into 32 intervals of range 0.1 and counted the number of pixels having 
corresponding entropy value. These counts are stored in an array of size 32. Thus, 
first element of this array indicates number of pixels having entropy value between 0 
and 0.1 while last element indicates number of pixels having entropy value between 
3.4 and 3.5. These values are finally normalized by dividing with the sum of all 
values. 
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4.3.5 Image Retrieval 
We calculated a 256 element array to represent GLCM and 75 (8 for range, 35 for 
standard deviation and 32 for entropy) element array to represent texture. Filter 
functions for each image from the database and stored than into data offline. These 
two arrays collectively represent texture of an image. We use them as a single array 
of 331 elements and used for calculating similarity measure. Given a query image, 
system calculates same 331 elements array representing texture of query image and 
used this array for calculating similarity among query image and each of the database 
image. We used cosine of the angle formula for similarity measure. Images from the 
database are finally ranked and presented to user as a result of retrieval. 
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5  INTEGRATION OF TBIR WITH CBIR  
 
In this chapter we discuss integration of the two previously discussed approaches: 
text based image retrieval using ontology and content based image retrieval based on 
color and texture.   

5.1     Cricket World Cup 2007 Ontology 
 
We developed cricket World Cup 2007 Ontology with the help of protégé 3.3.1 
editor with OWL as underlying language. We developed a domain specific ontology 
for Cricket world cup 2007. We collected all the information about players, teams, 
coaches, matches etc about world cup 2007 from different online sources. We used 
this information to create some classes specific to domain and instantiate different 
classes in the ontology like team, player etc and relationships among these instances.  

5.2 Implementation Details 
 
This section elaborates some implementation details of the text based image retrieval 
using ontology. 

5.2.1  Crawling 
We have used Teleport Pro1 to crawl the web. It asks for the starting address to start 
the crawling with and the depth for crawling [5]. This is the seed point for crawling. 
When given with URL of some web page and one as depth, it crawls that page along 
with the pages that are linked from this seed point. If the depth ‘d’ is more than one, 
it crawls seed and the referred pages, with every referred page as new seed point with 
depth ‘d-1’. This is the recursive procedure. Thus all the pages are within the 
distance of‘d’ from the seed page are crawled. The referred pages which are not on 
the same server as that of seed pages are not crawled. E.g. if a web page on 
www.cricketworldcup.indya.com server has link to espn.com, then the crawler will 
crawl web pages only from the previous server but not from the later one. 
 
Cricket World Cup 2007 images is the domain interest for our system. Thus we 
crawled the web pages of different cricket related web sites like www. 
cricketworldcup.indya.com, cricinfo.com, cricbuzz.com etc. Crawler copied all the 
files from server and created the copy of hierarchical file structure on the disk as 
same as it is present on original server.  During world cup, most of the pages of these 
were updated. So we crawled all these sites almost daily during world cup. 

5.2.2 JENA API 
To make use of knowledge available in ontology, we need to access the ontology. 
Parser to access OWL files is not available in C but is available in Java. Our 
application is written in C CGI. So options available with us were to write our own 
parser in C or to make the ontology information available from Java program to C 
program. We followed second option and used a text file as intermediate file which is 
output of Java program and input of C program. 
 

                                                      
1 http://www.tenmax.com/teleport/pro/home.htm 
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JENA1 is the API in Java to access OWL files. We have used JENA and accessed 
cricket.owl file and written all the information in intermediate text file with some 
encoding. This intermediate file is then accessed through application in C. 
 

5.2.3  Offline Work 
 
We counted frequency-of-occurrences of each web document that is downloaded 
through crawling and stored this information in database. With the help of this 
information and knowledge from ontology, we created document vectors as 
described in section 3.2.1 All these document vectors are then stored in database. 
Information about all images and their source documents is stored in database. We 
used ProtegeSQL as the database.   

5.2.4 Online Work 
 

When given with query, system calculates the query vector by using ontology as 
described in section 3.2.2. Then system calculates similarity measure among each 
document with the query and with the help of similarity measure (equation 3). 
Documents are then ordered in decreasing order of similarity. Images from these 
ordered documents are then presented as a result of the retrieval. 
 
In chapter 3, we discussed about the text based image retrieval approach, which uses 
ontology for the semantic retrieval process. In chapter 4, we discussed about color 
and texture based image retrieval. Further, we combined both the approaches under a 
single unit to produce better results. 

5.3 Integration of TBIR and CBIR 
 

 
                                   

 Figure 9: Query interface 

 

                                                      
1 http://jena.sourceforge.net 
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System provides an interface as shown in figure 9, in which user can form a search 
query with keyword alone, image alone or with keyword and image query consisting 
of keyword leads to text based image retrieval that we discussed in chapter 4. Query 
consisting of image leads to color and texture based image retrieval that we discussed 
in chapter 5. If query is a combination of keyword and image, system uses an 
approach that is combination of keyword and image, system uses an approach that is 
combination of the above two. 
 
In the combined approach, we calculate two similar measure values for each database 
image: one with query image and other with keyword part of the query: Weighed 
sum of these two values gives final similarity measure of image with a query. The 
weighed sum is calculated by multiplying two values with weights of the 
corresponding approach and finally adding these multiplications. For deciding the 
weights of two approaches, we tested the system for different combinations of 
weights of the two approaches. Images are finally ranked according to this similarity 
measure and presented to the user as a result of retrieval. 
 
 
Figure 10 shows image retrieved as a result of keyword based query consisting of 
‘India’. 
 

 
 

 Figure 10: System Interface (result of query ‘India’) 

 

5.4 Results 
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We developed cricket World Cup 2007 Ontology with the help of protégé 2.3.1 
editor with OWL as underlying language. We developed a domain specific ontology 
for Cricket world cup 2007. We collected all the information about players, teams, 
coaches, matches etc about world cup 2007 from different online sources. We used 
this information to create some classes specific to domain and instantiate different 
classes in the ontology like team, player etc and relationships among these instances.  
 
We tested the system for different combinations of keywords and images as queries. 
Database of the system contains approximately 15100 images from around 7000 html 
documents. Figure 3 shows the average precision against number of images retrieved 
for text based image retrieval approach using ontology. We tested the system for 40 
different combinations of the keywords as queries and calculated the precision for 
top 2, 5, 10, 20 and 50 images retrieved. Thus we checked the precision amongst first 
2 images retrieved, then among first 5 images retrieved and so on. 
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Figure 11: Precision against no. of images retrieved for TBIR 
 
Figure 4 shows precision against number of images retrieved for color and texture 
based image retrieval. We gave some weights to similarity measure calculated based 
on color and that based on texture. 
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Figure 12: Precision against no. of images for CBIR 
 

For the combined approach, we tested the system for 3 different combinations of 
weights to be given to two approaches. Figure 5 shows precision against number of 
images retrieved for the combined approach with 3 weights combination. 
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Figure 13: Precision against no. of images retrieved for combined approach 
 
It can be noted that the average precision is higher in combine approach than the text 
based and content based approaches. Also, among 3 weights combinations, 1:1 
weight combination gives better results than other two combinations. 
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6  RELATED WORK 
 
There are many CBIR systems which use different low level features with different 
representations and different similarity measures. Among all the features, color is 
used mostly because of its importance in human perception. QBIC [6] was the first 
commercial CBIR system developed by IBM. QBIC system uses color, text and 
shape information in image representation. The system provides two types of content 
representation: by whole image and manually outlined objects. For color feature, 
each axis of the RGB color space is quantized into predefined number of levels. Then 
center of each cell in the mathematical transform of Munsell coordinates are 
calculated. A clustering procedure partitions the space in the super cell. 
Unsupervised segmentation technique is applied to identify the objects. The texture 
feature is represented as Tamura’s texture, which is a combination of direction, 
contrast and coarseness. “Area, circularity, eccentricity, major axis direction, features 
derived from the object moments, and a set of tangent angles around the object 
perimeter are the features used to characterize and match shapes” [6]. This method 
allows images to be retrieved based on rough user sketch. The feature needed to 
support this retrieval consists of a reduced resolution edge map of each image [6]. 
 
Since QBIC does not support automated segmentation and extraction of color and 
texture features, the system does not scale well to large image and video storage and 
retrieval systems. It is infeasible for users to manually segment all the images in a 
database into objects of interest to be used later for indexing. On the other hand, the 
representation of images by global characteristics had major deficiencies. The 
regional contents of images are not well represented by the global color distribution 
or texture profile.  
 
Typically the user will be interested in isolated objects or regions within images 
which global features do not capture. Of particular note in the QBIC system is the 
utilization of a cross-distance color histogram distance function for discriminating 
color feature. The QBIC team had proposed a technique for bounding this function 
such that color items may be indexed hierarchically. This is one type of technique for 
improving query response time. 
 
VisualSEEK system [25] uses color, texture and spatial relationships between image 
regions as the basic features for CBIR. An image is segmented into a number of 
regions, of which color and texture are calculated in addition to spatial relationship 
among them. During the retrieval, queries based on individual features are first 
processed independently. Then the individual results are combined using a weighted 
sum of distances. Chau et al. [4] proposed a technique by which color objects are 
semi-automatically extracted and indexed using color pairs. However, their system 
lacks support for other features.  
 
Mezaris et al. [18] use CBIR as their main retrieval approach with the help of 
ontology to improve it. Low level feature’s measurement value ranges are divided 
into some intervals and named with intermediate descriptors. As an example, RGB 
histogram value range for the pink color is stored in the database. Images from the 
database are divided into regions, of which intermediate descriptors are evaluated 
from the low level features analysis. These descriptors are then stored in the 
database. They have ontology such that when asked for some keyword, system can 
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extract the intermediate descriptors from those keywords. By using these 
intermediate descriptors, system can convert high level user query into low level 
feature query. This low level feature query is further handled by CBIR. 
 
Carson et al. [3] use a segmentation approach called ‘Blobworld’. A raw image data 
is transformed into small set of image regions called blobs. Then color distribution 
and mean texture descriptors are calculated for each blob. These color and texture 
information are used to calculate similarity measure while deciding rank of database 
images.  
 
Ma and Manjunath [16] have proposed a system called ‘NeTra’, which “uses color, 

texture, shape and spatial location information of segmented image regions”. 
Initially images are segmented into regions and then the color information is 
extracted from these regions. Minimum bounding rectangles for these regions are 
calculated. Then centroid and co-ordinates of the minimum bounding rectangle of 
each region are stored as spatial information. Gabor filter is used to extract texture 
features from these regions. 
 
Swain et al [27] explored the method of indexing colored objects embedded in an 
image. To reduce the influence of the background pixels on the match value, they 
proposed a “histogram intersection” formula. Thus, system can compare images 
based on the colors of interest. System retrieves known objects placed against 
common background effectively. However, the color indexing approach does not 
satisfy the general problem of indexing images that have autonomous color regions 
of interest, and which are not restricted to known items. 
 
Vompras [29] developed mapping between low level features of image with the 
semantic concepts. He combined the CBIR with ontology base image retrieval. 
Relevance feedback is used for the learning, which will make the mapping accurate. 
“Image and semantic data model O is defines as”: 

 
O = O (D, F, R, C, S) 

 

“Where D represents the raw image data, F = {fi} a set of low level visual features 

and R = {rij} a set representations for a given feature fi. The model is extended by the 

component C, which denotes the set of semantic concepts {ck} and their inter-concept 

relationships S = {skI}. A given concept is also described by a set of features f
c 

i, 

which are characteristic for it in the low level space. In addition, a semantic feature 

space is built with references to image objects or image regions in the database” 
[29]. The semantic network is formed by keywords set which are having links to the 
objects or regions that belongs to images. By exploring the web or digital television 
images are drawn out with help of textual information and thus initial networks are 
formed. From the feedback given by the user’s more concepts can be learned and can 
increase the semantic network “In order to support a multiple-level description of 

image contents, weights are used at various levels. The aim of relevance feedback is 

not only the optimization of the weights to model the user information need but also 

modeling high level data and thus forming semantic space”[29]. 
 
Zhao and Grosky [30] used “LSI (Latent Semantic Indexing)” [30] technique for 
document indexing. “LSI makes use of SVD (Singular Value Decomposition)” [30. 
They have constructed the semantic space wherein terms (keywords) and documents 
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that are closely associated are placed near to each other. The SVD is used for the 
arrangement of the space to reflect semantic indexing. Thus given a query, images 
from all the documents near the query keywords are retrieved. They used the vector 
space model to create the term document association, where matrix entry Pi, j denotes 
the importance of the term i in the document j. Thus each document j is represented 
by the vector aj. These vectors for all the documents are calculated and stored in 
database offline. Same vector for the query is calculated online and the similarity 
measure among query and each of the stored documents is calculated. Similarity 
measure may use Euclidean distance. Documents are ranked according to similarity 
measure. Then the images are retrieved from the corresponding (say top 20) 
documents. 
 
Brahmi and Ziou [1] extended the work of Grosky and Zhao and used relevance 
feedback from the user to improve the vector space of the images. They model the 
image concepts with semantic concepts and models semantic user’s preference. 
 
Xian Zhou and Thomas Huang [31] propose the method of similarity matrix, which 
has keywords as columns and rows. Similarity matrix is used to find out the relation 
among the keywords. Assumption is that the keywords occurring frequently in the 
same documents are relevant. Authors have assumed that some of the images in the 
database have been already annotated through the procedure of document analysis 
(using surrounding text in HTML pages) or manual annotation. Then the weights are 
improved over time depending on relevance feedback from the user. They used color 
moments and color histograms to represent color content and Tamura’s features, 
wavelet moments and co-occurrence matrix to represent texture. Structural feature is 
represented by using water filling feature and salient points. 
 
Most of the web based search engines consider web page as dingle unit. However, 
web page may contain information about more than one topic. Cai et al. [2] divided 
the web page into number of blocks, each of them containing related semantic 
information. Thus web pages contain blocks, which in turn contain images. 
Hyperlinks are considered from block to pages. They considered 3 types of 
relationships: “block to page”, “page to block” and “block to image” [2]. They 
proposed an image graph model in which all web pages are organized into page 
graph, with one page pointing to another if they are related. Weight on the edge 
represents importance of one page from the point of view of another. Similarly, block 
graph and image graph are formed.  
 
These graphs are then used to create the similarity vectors of the image. These 
vectors are then used to create clusters of images with each cluster containing related 
images. Each cluster represents one high level semantic concept. When asked for the 
image, an image is retrieved which is related to the asked keyword as well as related 
to the other keywords, which belong to the same cluster as the asked keyword. 
 
Shyu et al. [23] used the concept of affinity matrix which encodes affinity among 
images. History of all the queries and their results is kept for the training period. 
They used relevance feedback from the user. These history and relevance feedback 
are used to calculate affinity matrix. Affinity matrix has images as its columns and 
rows. Thus entry ai, j   re presents the affinity among the two images i and j; i.e. given 
that image i is in the result of image retrieval, what is the probability that image j will 
also be the part of result of same query. 
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Hyvonen et al. [11] developed photo album browsing system for the promotion 
ceremony of University of Helsinki. In the promotion ceremonies, students get their 
master’s degrees and the faculties grant honorary doctoral degrees to distinguished 
scientists and the persons outside the university. They used ontology for such 
promotion ceremony, which is developed with help of Protégé-2000 with RDF 
schema as the output language. Every image in the database is then associated with a 
set of instances in the ontology. But they follow manual annotation, which is very 
time consuming and cumbersome. 
 
Schreiber et al. [20] have developed image annotation and browsing system for the 
image database of animals. They have developed ontology in protégé -2000 and 
RDFS as the output language. They have used SWI-Prolog RDF parser to parse the 
RDFS file. They store three viewpoints about images. First viewpoint is “subject 

matter” [20], which tells what photo depicts, who the agent is, what the action of the 
agent is, what the object is and what other environmental settings are. Second 
viewpoint is “photograph feature” [20] which specify how, when and why was 
photo made. And third is “medium feature” [20] which tells about the characteristics 
of the medium, in which photo stored. They have created annotation tool, through 
which user can annotate images.  
 
In annotation user links images with one or more instances or classes from the 
ontology. They also use manual annotation. Retrieval/ browsing tool have same 
interface wherein user can browse images category-wise or can query for the images. 
 
Maillot et al. [17], in an attempt to reduce semantic gap, use the machine learning 
and ontology. In learning phase system is introduced with values for different low 
level features for a particular object or part of object. Thus when asked for an object, 
system converts object descriptions into low level features which are in turn used for 
image retrieval. They use semi-automatic annotation; since in learning phase user has 
to do sample annotation, in which user labels each manually segmented region of 
interest by domain class name. 
 
Kuo et al. [13] have developed a personal photograph retrieval system at semantic 
level. Time and space are two main attributes of images from personal photograph 
album, since people usually take photos on some special events or when they visit 
new places. Thus they have developed an architecture containing “spatial and 

temporal based ontology” [13]. This is hierarchical structure where classes are 
divided into subclasses depending on time and space dimensions at different levels.  
 
Images are organized into hierarchical folders. Folders names are written explicitly 
to convey time and space information. Semi-automatic annotation system uses this 
information and ontology information to annotate images. Images are retrieved 
depending on this annotation. 
 
Tollari et al. [26] have proposed a method, which maps keywords with low level 
features of image, initially, semantic classes containing single image sample are 
created. Iteratively, two classes are combined to yield a new class depending on the 
similarity measure among them. A threshold value is decided on this similarity 
measure which determines whether or not to combine two classes into single class. 
The semantic classes are then divided into two partitions as reference set and test set. 
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The reference partition provides example documents of each class, which is used to 
estimate the class of any image of test partition, either using textual, visual or 
combination of textual and visual information. Visual features like color, shape and 
orientation histograms of the images are extracted from these classes. The 
performance of this proposed method is high with less number of images with 
corresponding textual annotations but the performance degrades with the increasing 
number of images.  
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7  CONCLUSION AND FUTURE WORK 
 
We proposed an approach for image retrieval that is a combination of the text based 
image retrieval using ontology and content based image retrieval based on color and 
texture. We use ontology to get information about particular domain of interest. This 
information is used in various steps of image retrieval such as document vector 
formation and query vector formation. 
 
The approach makes use of ontology to annotate images automatically, in contrast to 
traditional manual approaches. Manual annotation is very time consuming and 
cumbersome process and is practically infeasible for very large database of images. 
Also, the approach is domain independent i.e. approach does not make any 
assumption regarding the domain of images. Thus the same system can be used for 
any other domain without any change in implementation except developing the 
ontology of that particular domain. 
 
In this approach, we make use of hierarchical relationships among with in different 
classes and relationships among their instances. We have not used the ‘comments’ on 
any class or instance from ontology to get more information about corresponding 
class or instance. Some information about the classes and instances is explained 
better in comment part of ontology. Thus we can use this information, in addition to 
hierarchical information and relationships for better results. 
 
In CBIR part, we used color and texture as basic features to represent an image. For 
color, we use 64 bins global histogram representation. Size of the histogram decides 
the amount of information stored and which in turn decides the efficiency of retrieval 
and time required to complete the search. If the histogram is bigger, we can store 
more information which helps improving the efficiency of retrieval. But the time 
required for search also grows when there is more information stored. Thus this is a 
trade off between histogram size, efficiency of retrieval and time required to 
complete the search. 
 
For texture, we used gray level co-occurrence matrix (GLCM) and texture filter 
functions as representations. GLCM characterizes the texture of an image by 
calculating how often pairs of pixels with specific values and in a specified spatial 
relationship occur in an image and then extracting statistical measures from this 
matrix. GLCM is the statistical measure of texture image, which represents the 
spatial distribution and the dependence of the gray levels within local area. We 
calculated GLCM with four spatial relationships, all of which have different angles 
but same distance equal to 1 between pixels under consideration. We can consider 
more distances to gain more information about texture, to yield better results. 
 
Other features that we used are texture filter functions such as range, standard 
deviation and entropy. These functions use statistical measures, which characterize 
the local texture of an image. We can take help of wavelet transforms like Harr and 
Daubechies to represent texture of images. 
 
In the text base image retrieval approach, we work at document level and not at the 
image level. Thus given query consisting of a keyword, system retrieves all the 
images from particular documents related to that keyword. It may be the case that 
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only some of the images from the documents are relevant to the query. Thus we 
should link keywords with the images and not with the documents. Here, we can take 
help of relevance feedback. 
 
At the beginning, we derive the information that k1 and  k2  are important keywords in 
document d, which contains i1 and i2 . We will assign same weights to both of the 
keywords for both of the images, since we don’t have information which keyword is 
related to which. Thus given a query with k1 as keyword, both the images will be 
retrieved as a result. If we take relevance feedback from user at this stage, depending 
on user’s response, system can learn that k1 is related to i1 and to i2. Thus system can 
reduce the weight of keyword k1 for image i2. This change of weight will be very 
small off course. However, in a long run system will set weights, which will reflect 
actual importance of the keyword of an image. The following sections explain the 
aim and objectives, and research questions along with explaining how the research 
questions are answered in the thesis work. 
 

7.1 AIM AND OBJECTIVES 
 
The main aim of this thesis is to develop an image retrieval application for efficient 
image retrieval to facilitate image search user through queries. The objectives that 
are to be fulfilled to achieve this aim are 
 

1. Identifying requirements of the image search user. 
2. Developing ontology for the given query using TBIR. 
3. Using Protégé 3.1 implementing the application. 
4. Using Color and Texture features to retrieve image using CBIR 
5. Combining both the approaches to improve Precision. 

 

7.1.1 RESEARCH QUESTIONS 
 

1. What are the requirements identified for image search user? 
2. How do we develop ontology for the given query using TBIR? 
3. Why should we integrate TBIR and CBIR for image retrieval? 
4. What should be the proportion of TBIR and CBIR combination to achieve 

good precision rate? 
5. How can image search user interact with the combinatorial approach of TBIR 

and CBIR? 
 
ADDRESSING RESEARCH QUESTION 1: 

 

The users are categorized into three levels. The query characteristics and 
categorization has been explained in chapter 1 section 1.2. The identified 
requirements are clearly identified according to the related work of QBIC, 
visualSEEK, BlobWorld, Netra in Chapter 6. The draw backs of already proposed 
image retrieval approaches along with some requirements identified by those 
approaches are identified as the requirements for this thesis work. Section 1.6 
explains the identified requirements clearly.  
 
ADDRESSING RESEARCH QUESTION 2: 
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We developed cricket World Cup 2007 Ontology with the help of protégé 3.3.1 
editor with OWL as underlying language. We developed a domain specific ontology 
for Cricket world cup 2007. We collected all the information about players, teams, 
coaches, matches etc about world cup 2007 from different online sources. We used 
this information to create some classes specific to domain and instantiate different 
classes in the ontology like team, player etc and relationships among these instances. 
We clearly explained Ontologization of cricket world cup 2007 domain in chapter 2. 
Automatic image annotation and retrieval using ontology has been achieved in 
section 3.2 where we explained document vector in sub-section 3.2.1, query vector in 
sub-section 3.2.2, image retrieval in sub-section 3.2.3. The implementation details 
are provided in section 5.2,where we explained usage of crawling in our work in sub-
section 5.2.1,JENA API in sub-section 5.2.2, offline work and online work of our 
work in sub-sections 5.2.3 and 5.2.4 respectively.  
 
ADDRESSING RESEARCH QUESTION 3: 

 
TBIR and CBIR are integrated in our thesis work to increase the precision rate of 
image retrieval query results. Section 1.6 has motivated us to integrate both 
approaches to improve the precision rate reasonably. The precision rates of TBIR and 
CBIR are depicted graphically in chapter 5 section 5.4 figures 11 and 12 
respectively.  
 
ADDRESSING RESEARCH QUESTION 4: 

 
The proportion at which TBIR and CBIR should be combined is explained in section 
5.4. A proportion of 1:1 has been recommended by us for achieving good precision 
rate. Figure 13 suggests that 1:1 proportion gives better precision rate than the 
individual and other combinations of proportion.  
 
ADDRESSING RESEARCH QUESTION 5: 
 

Image search user can interact with our image retrieval approach by using the 
interface provided by us. Figure 9 in chapter 5 depicts the interface provided which 
answers the interface requirement identified in section 1.6. 

7.2 FUTURE WORK 
 

Database for image retrieval generally contains high dimensional and contiguous 
value data. Finding an index structure which allows efficient searching of an image 
database is still a problem under research. Index structures for text retrieval are not 
useful for image retrieval application. Thus we need to come up with an efficient 
indexing scheme to yield fast search of image database.     
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