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ABSTRACT 

The performance of Content Based Image Retrieval (CBIR) is limited because of the Semantic 

Gap (SG). This motivates to extend the image retrieval process beyond low level descriptions to 

image semantics. Therefore, researchers proposed Semantic Based Image Retrieval (SBIR) to 

bridge SG.  In the literature, various approaches for SBIR such as image annotation, relevance 

feedback, and object ontology have been proposed to bridge SG. It has been observed that not 

very promising results with these methods are reported in the literature.  Annotation based 

approaches are constrained by low precision because real life images usually have a diverse set 

of image concepts. Relevance feedback approach is also constrained by low precision and recall 

because it forces to alter the query vector that causes to modify image semantics. Object 

ontology is a considerably good approach, but its metadata architecture appears to be very 

complex and suggested to use only for semantic web instead of SBIR. Moreover, this approach is 

reported to have low precision for conceptually diverse images. Therefore, the first contribution 

of our work is the performance evaluation of CBIR methods using soft computing techniques for 

image comparison and retrieval.  In this regard, we have reported performance improvement in 

terms of retrieving visually similar images by employing proposed modifications in soft 

computing methods. However, these modifications do not translate into semantically correct 

retrieval of images. This leads us towards the logical conclusion of planning and development of 

a new SBIR framework using image concepts.  By the term “image concept” we means that a set 

of noticeable objects and regions in an image e.g. Sky, group of person, land etc.  In our first 

contribution we have also explored existing CBIR approaches in order to find a suitable 
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candidate (or its modified version) to be used for SBIR. The second contribution of our work is 

therefore to bridge the SG with a maximum tradeoff between precision and recall. The proposed 

framework is extensively examined by evaluating precision and recall for large segmented 

datasets. For the rigorous testing of our major contributions, three datasets have been opted, 

namely, Wang’s, COIL, and IAPR TC-12. 
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Chapter 1  

INTRODUCTION TO IMAGE RETRIEVAL 

 

In the past few decades, great interest has been witnessed in producing, archiving and accessing 

digital images for a variety of applications. The applications include, but not limited to, computer 

vision, social media, biomedical systems, digital image libraries, etc. These images are mainly 

obtained by sophisticated devices such as digital cameras, smart phones, high-resolution 

scanners, digital synthesizers etc. Digital images can also be enhanced by employing latest image 

processing tools. This extensive use of digital image technology results in the exponential growth 

in the size of the digital libraries on a daily basis. Apparently, the scenario looks benefitting, but 

problem arises when the required image is needed to be retrieved from thickly populated digital 

image library. This is because of two main reason, first images are usually recorded in 

automatically generated alphanumeric filename. Second, they are rarely annotated by the user. In 

the beginning, people sought to manage their digital image libraries by manually annotating each 

image with its meta-description. This approach is highly infeasible even for a slightly large 

dataset, because of two main reasons. Firstly, it is extremely expensive in terms of annotation 

time and human labor. Secondly, annotation is often subjected to individual annotator’s 

perceptions. This issue was handled by developing CBIR methods. CBIR uses visual descriptors 

such as color, texture and/or shape to be archived and used for retrieving visually similar images. 

The researchers soon identified that these visual descriptors are insufficient to mimic user 

intentions and image semantics. The difference or gap between image semantics and visual 

descriptor is termed as SG. 
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This thesis is about the new framework of bridging SG. The objective is to identify the semantic 

meaning(s) behind image pixels forwarded by SBIR. This helps to archive and retrieves images 

with similar semantics. This study will facilitate the emerging disciplines like computer vision, 

robotics, social media, biomedical systems and many other information retrieval application 

areas. 

1.1 INFORMATION RETRIEVAL 

Information Retrieval (IR) is the method of extraction of visual information from collection of 

the visual data sources. The search can be based on text, visual contents, metadata or semantics. 

Following are the categories of information retrieval: 

1.1.1 TEXT RETRIEVAL 

During the initial usage of the internet and database technology, the majority of information was 

text based. However, multimedia image files were considered as a secondary source of 

information. Therefore, researchers were motivated to derive effective Text Based Information 

Retrieval (TBIR)methods. An intensive study has already been done to deduce effective and 

efficient TBIR methods. As a result, different data mining tools are available that can 

intelligently retrieve text from data sources. TBIR methods fail to perform in such applications 

where the image is a primary source of information e.g. Geographical Information System (GIS), 

Biomedical Imaging System, Digital Image Libraries, and Computer Vision and so on. 

Therefore, for such applications new methods are needed to be devised that can retrieve 

information from image sources. 
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1.1.2 IMAGE RETRIEVAL 

Recent years have witnessed rapid growth in image technology [1] - [6]. This is primarily due to 

substantial growth in computing power, capturing devices (e.g. digital cameras and cell phones), 

storage media (large volume drives), internet technology, cloud computing, and communication 

bandwidth. This created an urgent need of image based information retrieval methods. Therefore, 

researchers were motivated to derive information retrieval methods for image source.  Following 

are some of the approaches: 

1.1.2.1 CAPTION BASED IMAGE RETRIEVAL 

In this approach researchers propose to use the philosophy of TBIR for archiving and managing 

digital image libraries. In this approach a set of prescribed keyword are associated with each 

image. Afterwards, IR approaches such as Term Frequency and Inverse Document frequency are 

used to calculate the weight of associated keyword.  Finally, images are retrieved based on 

weights of associated keywords in response to a text based query [7]. This approach has the 

following limitations: 

1. Image captions may not be sufficient to describe a semantically rich image.  

2. Intensive experience is required for writing image captions. 

3. Writing image captions for huge image dataset is an inefficient approach. 

4. Human perception and intentions are hard to mimic as text captions. 

5. Image captioning is subjected to the caption writer’s perception and may not be 

consistent. 
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1.1.2.2 CONTENT BASED IMAGE RETRIEVAL 

The limitations of caption based approach were handled by CBIR. In this approach; fields 

such as image processing, database management and information retrieval were employed for 

image retrieval.  In CBIR, first step is to extract visual descriptors such as color, texture and/or 

shape for each image. This results in a Feature Vector (FV) table that represents visual 

descriptors of all images in the database. In second step, a query model formulates a query image 

with the same visual descriptors to form a query vector. In third step, retrieval model computes 

the similarities (distance) between each entity of FV table and query vector and grade the result 

based on the computed similarity. Finally images ranked above the set similarity threshold are 

marked as retrieved images. Figure 1-1 shows the working principle of the classical CBIR system. 

 

Figure 1-1 Working Principle of Classical CBIR System 
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Thus the FV table, query, and retrieval models together define a CBIR model [8]. In early 1970’s 

an intensive research has been reported to identify, extract and manipulate visual descriptors for 

CBIR [9], [10]. In late 90’s CBIR emerged as a potential research area for managing image 

database [11], [12]. This approach was intensively employed on different application areas such 

as digital image libraries, pattern recognition, decision support system, data mining etc. In 

particular, CBIR involves in the development of automated methods that are able to recognize 

visual descriptors, and to make use of this information to manage, archive, and retrieve image 

databases [13], [14]. 

CBIR systems have been spotlighted for approximately two decades in the research community. 

As a result, some applications have been built for commercial use [15] - [17], most of them exist 

within the university research domain as a prototype model [18]-[21]. 

As the digital image databases increase in size and information, contents become more complex, 

the classical visual descriptors become insufficient to achieve high accuracy in image retrieval. 

As a result researchers suggested to employed diverse visual descriptors for image retrieval. This 

approach resolves the accuracy issue to some extent but, addition of these visual descriptors 

results into uncertainty in a retrieval system [22].  In particular, for large and generic image 

databases, the execution of CBIR systems is inherently constrained by these visual descriptors 

because they cannot adequately express image semantics [23]. Figure 1-2 and Figure 1-3 illustrate 

this issue pictorially. 
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Figure 1-2 Image Retrieval for Simple Image Contents (Google Search by Image Results) 

 

Figure 1-3 Image Retrieval for Complex Image Contents (Google Search by Image Results) 
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In Figure 1-2 the query image comprises of a single object and less visual contents. The retrieval 

system of Google uses its visual descriptor to retrieve visually similar image with good 

accuracy. However, in Figure 1-3 information contents become much complex though it contains 

a single object. It can be clearly seen from Figure 1-3 that though retrieved images contain visual 

information similar to query image. However, retrieved images are semantically dissimilar. This 

gap between visual features and user semantics is known as SG. By definition SG is expressed as 

the gap between the low level visual descriptors and high level image semantics.  

This creates definite need to bridge this gap. At early stage few approaches that integrate low-

level visual features and textual keywords have been proposed [24] - [29] to resolve the said 

issue. However, bridging this gap in SBIR is identified as potential research area. 

1.1.2.3 SEMANTICS BASED IMAGE RETRIEVAL 

In the past few years, researchers were motivated to extend the image retrieval process beyond 

low level descriptions to image semantics. SBIR is the method of retrieving images based on 

high level image semantics. Image semantics may be understood at the entire image level and/or 

distinct object (concept) level. It can be defined by mapping the semantics description with each 

image. A general system layout of SBIR is illustrated in Figure 1-4. From this figure, we observe 

that user intention may comprise of multiple concepts such as a group of people, mountain, cycle 

riders etc. As shown in the given figure SBIR is supposed to retrieve semantically similar 

images rather than visually similar images. 
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Figure 1-4 General Framework of SBIR from Digital Images 

The general SBIR framework is primarily based on three fundamental modules. First phase  

(from left in Figure 1-4) extracts low level visual descriptors from query image. Second phase i.e. 

semantic mapping module maps image semantics with visual descriptors. These semantic can be 

represented using captions, relevance user feedback, or ontology. Third phase of SBIR 

framework computes the semantic value of query image with images present in database. 

Finally, images with semantic value greater than the set semantic value threshold are considered 

as retrieved images.  

Researchers use numerous techniques to improve SBIR performance. Broadly speaking there are 

three main areas such as image annotation, relevance feedback, and image ontology which 

are employed for semantic retrieval. We employ machine learning based Automatic Concept 

Annotation (ACA) approach (details are in Chapter 4) and Latent Semantic Analysis (LSA) for 

semantic extraction (details are in Chapter 5). A brief overview of all SBIR approaches is 

presented in subsequent sections. 
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1.1.2.3.1 IMAGE ANNOTATION 

Associating textual descriptions with image content is a stepping stone towards bridging the 

SG. This is also named as image annotation, image tagging, linguistic indexing or image 

captioning. By definition, image annotation is an attempt to tag images with concepts and 

keywords that optimally describe image. A mapping function is further needed to link visual 

concepts and keywords.  

Image annotation itself has been regarded as a potential research area in the research 

community. Because images are not usually annotated when they are captured, it is considered 

as a possible challenge in semantic retrieval. Researchers have proposed mainly three annotation 

approaches namely manual annotation, semi-automatic annotation, and automatic image 

annotation (AIA). Since manually and semi-automatically annotating images is a time 

consuming, labor intensive, and noise prone effort therefore, AIA methods are widely considered 

instead [30] -[31]. Despite advancements in AIA, these are still limited in several aspects [32] –

[33], such as few keyword may not specify the complete semantics, domain vocabulary are 

limited, image comprises of diverse set of visual concepts this deteriorates the retrieval 

performance. 

In this thesis one of the research tasks is automatic annotation, with the objective of 

improving system performance and overcome some of the limitations of existing approaches. 

More specifically, we focus on the region/concept level annotation for semantic retrieval. 

Furthermore, we intensively evaluate this with the classical approach.  
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Figure 1-1 illustrate the process flow of image annotation in image retrieval in which input is a 

pixel image and output is a segmented and annotated image. The first step corresponds to the 

transformation on pixel image into image feature descriptors. The second and third step 

comprises of image segmentation and annotation, respectively. 

 

Figure 1-5 Classical Annotation Process Diagram 
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1.1.2.3.2 RELEVANCE FEEDBACK 

Relevance feedback (RF) approach has been widely applied in image retrieval. In this approach 

a positive or negative feedback is provided to tune the input parameters. Positive feedback 

correspond the results close to the desired image. Similarly negative feedback represents that 

results are far away from query image. The system uses relevance feedback data to modify image 

concept weights in order to create a more accurate and optimal query model for SBIR. Figure 1-6 

illustrates the process flow of classical RF systems in which user RF actuates the query feature 

extraction process. This help to modify the query vector for SBIR. 

 

Figure 1-6 Classical RF Based CBIR 
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1.1.2.3.3 OBJECT ONTOLOGY 

The term object ontology in image retrieval refers to the description of image concepts with 

regard to their relationships. It is a method that develops semantics of an image document. 

Specifically, it is machine interpretable knowledge model which comprises of concepts, classes, 

relations, axioms, and rules. Concepts, classes, relations, axioms, and rules are generally in 

domain vocabulary. In other words, concept ontology is metadata about an image and its 

concepts that provide strong semantics by providing a controlled vocabulary of concepts. Figure 

1-7 shows a pictorial representation of an object ontology in which concepts are structures in 

hieratical structure. 

Image semantics can be classified into five different levels as shown in Figure 1-8. Free-text 

annotation of image considered as the weakest specification because describing the image in 

free-text may be irrelevant. Adding abounded and related concept vocabularies turn out to be 

controlled semantics. Image semantics can be more meaningful by adding hierarchical structure 

with controlled vocabularies. This structure is termed as concept taxonomy.  Further, by adding 

equivalent homographs, hierarchical and associative relationships, the taxonomy becomes a 

thesaurus. Ontology, providing the strongest semantics, consists of relationships, constraints, and 

rules built on top of the thesaurus. 
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Figure 1-7 Ontological View of Concepts 

 

Figure 1-8 Levels of Semantics [34] 
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1.2 MOTIVATION 

In the past few decades, great interest has been witnessed in producing, archiving and accessing 

digital images for a variety of applications. These applications include, but are not limited to, 

computer vision, social media, biomedical systems, digital image libraries, etc. The extensive use 

of digital image technology results in exponential increase in the size of the digital libraries on a 

daily basis. Apparently, the scenario looks benefitting but in detail, the volume of data is useless 

if it cannot be retrieved effectively. Researchers use different approaches to handle retrieval issue 

like writing image captions, CBIR, and SBIR etc. All these approaches have shown limited 

means to reduce SG while maintaining the performance parameters (precision, recall). This 

creates a pressing need to deliver a framework for efficient SBIR. 

This dissertation is about a new framework for SBIR proposed by us. The objective is to identify 

the semantic meanings behind image pixels. This helps to archive and retrieve images with 

semantic concepts. This study will facilitate the emerging disciplines like computer vision, 

robotics, social media, biomedical systems and many other information retrieval application 

areas. Another contribution of this work is to introduce an image classification and optimization 

technique for image retrieval. 
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1.3 PROBLEM DEFINITION 

The performance of classical CBIR systems is constrained by visual descriptor which is used to 

compare a query image with images in the database.  

It is known in the literature that visual descriptor is not enough to mimic image semantics. 

Technically, this is termed as SG. Researchers have proposed various methods like, annotation, 

RF, and object ontology to bridge this gap and collectively termed these methods as SBIR [9]. It 

has been observed that not very promising results with these methods are reported. Generally, in 

annotation based approaches, image concepts are annotated with domain specific keywords. 

Retrieval phase of these approaches uses keywords to retrieve relevant images. Annotation 

approaches are constrained by low precision because real life images usually have a diverse set 

of image concepts. RF approach is also constrained by low precision and recall because it forces 

to modify the query vector that causes to modify image semantics. Object ontology is a 

considerably good approach but its metadata architecture appears to be much more complex. 

Moreover, this approach is reported to have low precision for conceptually diverse images. In 

this thesis, we propose a new framework for SBIR without compromising precision and recall. 

Ours is a hybrid Automatic Concept Annotation (ACA) and semantic indexing approach. We 

also report on the performance of our proposed approach tested on a large image dataset (20,000 

real life images) and found to be satisfactory. 
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1.4 GOAL AND OBJECTIVES 

“To bridge up the semantic gap in image retrieval by finding semantically correct images in 

the database against an image query.”  

In order to achieve this goal we set the following objectives.  

1. To explore existing CBIR approaches in order to find a suitable candidate (or its 

modified version) to be used for SBIR. 

2. To identify problems in existing CBIR approaches which create bottleneck in their 

performance related to semantically correct image retrieval. 

3. To design, develop, and test new and/or modified approach(s) to achieve our goal of 

semantically correct image retrieval. 

1.5 HYPOTHESIS & RATIONALE 

We hypnotize that: “If image is interpreted as a set of concepts then an optimal trade-off 

between precision and recall can be achieved.” 
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1.6 CONTRIBUTIONS 

The summary of minor and the major contributions is given below. 

The first contribution of our work is the performance evaluation and improvement of Soft 

Computing  techniques for image comparison and retrieval.  From the literature it is not fully 

clear how these techniques would perform on image comparison and retrieval. Hence, we did a 

performance evaluation of these techniques when applied to image comparison and retrieval to 

see if modifications in one or more of these methods would serve our purpose of semantically 

correct image retrieval. We found the performance of these schemes unsatisfactory and hence 

introduced some modifications which indeed resulted in performance improvements. We have 

reported that though after modifications, performance improvement in terms of retrieving 

visually similar images has been achieved but the improvement does not translate into 

semantically correct retrieval of images. In our first contribution we have also explored existing 

CBIR approaches in order to find a suitable candidate (or its modified version) to be used for 

SBIR 

This led us to the logical conclusion of planning and development of a new SBIR framework 

which we consider to be the second contribution of our work. We have also rectified the 

common issues of low precision and recall of the previous SBIR approaches by proposing a new 

framework for SBIR. Moreover, we have also targeted the computational cost optimization 

issue.  This claim of performance enhancement has been validated on a large volume dataset 

which comprises of real life images instead of controlled environment images (background less 

and single object images). The proposed framework is based on a blend of machine learning and 

semantic indexing tools. The framework comprises of two phases. The first phase consists of a 
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new topology of modular artificial neural network (MANN) for ACA. In the second phase, LSI 

and essential dimension LSI (ED-LSI) are employed on an annotated region/concept for 

semantics retrieval. The proposed system is extensively examined by evaluating precision and 

recall for a large segmented dataset of IAPR TC-12 which comprises of 20,000 images. 

This piece of work can contribute to various modern application areas such as biomedical 

imaging, computer vision, robotics, social media and many other information retrieval 

application areas. All these application areas primarily based on the phenomenon of searching an 

image file from large image database. This searching will considered to be a precise search if and 

only if it is based on image semantics rather than its visual contents. This claim has been 

validated on two different dataset in Chapter 03. For the biomedical imaging domain, SBIR can 

be used by expert physician to carryout imaging studies of a new patient with the prior patients 

image database which help to determine the diagnosis and potential treatment options. 

Furthermore, research scientists in the biomedical imaging domain can use SBIR to organize and 

retrieve data from large-scale experiments involving multiple types of image and signal data. 

This work can also contribute to a wide verity of digital image libraries such as museum, 

personal digital image library, and corporate image archives etc. The performance of these 

libraries is the function of the precise retrieval that satisfies the user intentions. 

We have reported and got our work published in well-reputed ISI indexed journals and 

conferences. Following are the details of our publications related to our PhD research work. 
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1.7 ORGANIZATION OF THE DISSERTATION 

Chapter 1 of this dissertation is about the introduction of information retrieval methods. This 

chapter comprises of a brief overview about the philosophy of information retrieval methods and 

their approaches. Chapter 2 is about the intensive literature review on both CBIR and SBIR 

approaches and their limitations. Moreover, different CBIR systems, their philosophies and 

limitations have also been discussed in this chapter. Chapter 3 introduces the performance 

evaluation of soft computing based image retrieval methods. Chapter 4 presents the proposed 

novel topology of MANN for ACA. Chapter 5 presents details about our proposed framework 

for SBIR with evaluation results and discussions. Chapter 6 gives conclusion regarding this 

research work. Finally, Chapter 7 presents the open areas and future work in the domain of 

SBIR. 
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Chapter 2  

LITERATURE REVIEW 

 

This chapter presents a comprehensive literature review on image retrieval approaches. 

Specifically, CBIR and SBIR approaches are under focus. CBIR and SBIR, both have a common 

initial phase of visual descriptor extraction. Therefore, a concise description of visual descriptor 

is presented. Moreover, different existing image retrieval systems and their performance have 

been highlighted in this section. 

2.1 LITERATURE REVIEW ON CONTENT BASED IMAGE RETRIEVAL 

SYSTEMS 

The main step in CBIR is to extract low level image features that either partially or completely 

represent an image document. Low level image features are collectively termed as VD (Visual 

Descriptor), structured in a row or column vector. The number-based FV depicts the information 

about visual properties (color, texture, and shape) of an image document.  A set of all feature 

vectors constitute a feature space, commonly termed as FV table, with rows representing the 

number of images and columns corresponding to the parameters of VD. The retrieval module of 

CBIR system computes and draws comparisons of query image’s VD with all feature vectors 

residing in FV tables. Comparison results are ranked on similarity basis, with images having 

similarity above the pre-defined threshold marked as retrieved images. Thus, VD forms an 

integral component of CBIR. Researchers have proposed various low level visual descriptors to 

enhance the efficiency of CBIR systems, details of which are presented in subsequent sections.  
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2.1.1 VISUAL DESCRIPTOR 

VD forms input parameters for any CBIR / SBIR system. It is not a trivial task to identify 

optimal set of VD that enhances the retrieval effectiveness along with efficiency. An intensive 

research has been conducted to identify most optimal descriptors for a variety of applications 

such as face detection [35], tumor detection [36], anomaly in an X-ray report [37], etc. Following 

is the discussion of commonly applicable VD categories. 

2.1.1.1 COLOR 

Color, is the most common/ dominant VD. Color descriptors, characteristically, are illumination, 

view angle, size, and scale invariant.  There are numerous image retrieval methods using color 

descriptors such as color histogram, color constancy, moment based color distribution, etc. The 

color histogram method [38] and its variants have outperformed other methods for image 

retrieval; with computational efficiency and immunity to viewing angle being the primary 

hallmarks. However, it shows sensitivity to light intensity. This facet can be handled by selecting 

illumination-independent parameters of color histogram, which can be obtained by keeping the 

ratio of neighboring pixels constant. Color constancy algorithm helps to maintain this ratio. 

Moment based color distribution has been found to be more productive in comparison to the 

color histogram for extracting color information of an image document. By employing color 

indexing algorithms, it extracts color region and contents by applying color indexing algorithms, 

which in turn utilize back projection of binary color set. The inherent challenges of color 

histogram techniques like high-dimensional feature vectors, spatial localizations, indexing & 

distance computation are resolved amicably here. The tabular description of other color based 

retrieval approaches and their corresponding color features are shown in Table 2-1  
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2.1.1.2 TEXTURE 

A texture descriptor represents the measure of smoothness, coarseness, and regularity of an 

image file. It enables to extract the perceptual similarity between two images. Typically, 

coarseness, contrast & directionality are familiar texture descriptors. Coarseness measures the 

scale of texture while contrast represents vividness. Directionality describes whether the image 

has a favored direction or not. Variants of texture descriptors have also been employed and 

evaluated in a variety of image retrieval applications [39]. The tabular description of texture 

based retrieval approaches and their corresponding texture features are shown in Table 2-1.  

2.1.1.3 SHAPE 

Shape is the most significant visual descriptor for image retrieval. All shape based image 

retrieval systems require image segmentation. This helps in object level definition of an image. 

Typical shape descriptors used in renowned image retrieval methods are circularity, eccentricity, 

major axis orientation, and algebraic moment [40] etc.  

However, shape descriptor is highly prone to object deformation. To illustrate, the rationale 

involves modeling deformations using physics and subsequently using that information to guide 

the similarity process. In general, shape descriptor based methods perform prodigiously well for 

images with minimal objects. The tabular description of shape based retrieval approaches and 

their corresponding shape features are shown in Table 2-1 Summary of Research Work in the Domain of 

CBIR.    
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2.1.1.4 FUSION OF MULTIPLE SETS OF FEATURES 

An exponential growth in volume of image databases has been witnessed over the recent years. 

Moreover, information contents become more multifaceted. Hence, it is impractical to achieve 

satisfactory retrieval performance with a single VD. Consequently, researchers propose to use 

diverse set of visual descriptor comprising of color, texture and shape descriptors. It is also 

observed that differentiating descriptor attributes vary significantly in retrieval performance for 

various applications.  

2.1.2 REVIEW OF EXISTING CBIR SYSTEMS 

CBIR systems have been spotlighted for approximately two decades in the research community. 

As a result, some applications have been built for commercial use [15] - [17], most exist within 

the university research domain as a prototype model [18] -[21]. A brief description of some well 

known CBIR systems is presented in subsequent sections.   

2.1.2.1 QUERY BY IMAGE CONTENT (IBM’s QBIC) 

IBM’s QBIC (query by image content) [41] is a well known image retrieval system. In this 

system user specifies visual attributes of a query image which compliment search keywords. The 

retrieved results are indexed according to the visual similarity between image attributes and 

textual metadata description. The scope of QBIC is limited to extract semantically similar 

images. Moreover, it has performance (precession and recall) issue for real life images [41].The 

graphical user interface of IBM’s QBIC is shown in Figure 2-1. This figure illustrates that at first 

user specifies a search keyword. Further, visual attributes such as color histogram (C), layout 

(L), texture (T), and special hybrid color (S) complement the search space. 
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Figure 2-1 IBM’s QBIC (Query by Image Content) 
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2.1.2.2 SEMANTICS-SENSITIVE INTEGRATED. MATCHING FOR PICTURE LIBRARIES (SIMPLIcity) 

SIMPLIcity [42] is another well known CBIR system. It partitions an image into uniform blocks 

and extracts color (LUV color space) and energy (high frequency bands of the wavelet 

transform) descriptors.  

The K-mean clustering algorithm clusters the descriptor in several classes where each class 

corresponds to a region. Distance function formulates the similarity at regional level. SIMPLIcity 

is primarily based on visual descriptors that are insufficient to exemplify the image semantics. 

Therefore, the capability of SIMPLIcity to retrieve semantically similar images is limited.  

2.1.2.3 BLOBWORLD  

Blobworld [43] is an object based CBIR system. It segments a query image into a set of objects 

and develops spatial relationship between them. Blobworld system uses color, texture, and shape 

features to represent an image. Further, it uses Expectation Maximization Algorithm to compute 

and compare the similarity between query image and database images. As a result user obtains a 

Blobworld representation of the image, which helps to refine the user’s query. This approach 

demands enormous user interaction for image retrieval that is not feasible for variety of 

applications where user is unable to mimic his intension.  

2.1.2.4 VISUALSEEK 

In VisualSeek [44], all images are partitioned into segments of uniform dominant colors. Further, 

visual properties and their corresponding spatial relationships are recorded. A user query 

comprises of a set of solid color regions in a particular arrangement. The system uses back-
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projection approach to extract color regions. A match between the query image and database 

image can be formulated by independently comparing color set, region absolute location, area, 

and spatial extent. Images above the set similarity threshold are considered as retrieved images. 

VisualSeek is primarily based on visual descriptor that is insufficient to exemplify image 

semantics.  

Therefore, the scope of VisualSeek is limited to retrieve semantically similar images. The 

working principle of VisualSeek is shown in Figure 2-2 where query comprises of three color 

regions at absolute locations (light blue, tan, and green). The retrieved results are very much 

similar with query pattern in terms of colors and their absolute location. However, results are 

semantically very diverse.   

 

Figure 2-2 VisualSEEk Query Using Diagrammed Query at Top Left 
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2.1.2.5 MULTIMEDIA ANALYSIS AND RETRIEVAL SYSTEMS (MARS) 

MARS is the first CBIR system that contains user RF of local visual descriptors. RF approach in 

query helps to bridge GS between low level descriptors and high level user intentions [45]-[46]. 

MARS uses color, texture, and shape feature and sets their weights based on user relevance 

feedback. This approach is intensively based on user feedback to modify query vector that is not 

feasible for variety of applications where query image cannot be modified such as medical 

imaging, GIS, etc. 

2.1.3 SUMMARY OF RELATED WORK IN CBIR 

The history of CBIR can be tracked from late 70s when in 1979 a conference on “Database 

Techniques” for pictorial applications was held in Florence, Italy. Since then, the research 

community has been attracted towards devising the efficient methods for archiving and accessing 

the image documents. In early 2000’s, researchers proposed to use image contents such as color, 

texture, and shape for archiving and accessing the image database. Summarized tabular view of 

the descriptor used and corresponding approach is depicted in Table 2-1. 
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Table 2-1 Summary of Research Work in the Domain of CBIR 

Content Based Image Retrieval 
Low level 
descriptor 

Features Approach Researcher (year) 

Color Reduced Sift Distance function  Ledwich et. al., [47] (2004) 
SIFT Bag of Words  Zhou et. al., [48] (2011) 
 Color 
Descriptors 

Interactive Genetic Algorithm Lai et. al., [49] (2009) 

Color 
Descriptors 

Fuzzy Logic  Xiaoling et. al., [50] (2005) 

New Color SIFT 
Descriptor  

Euclidean Distance Verma et. al., [51] 2010 

Visual Concept 
and Local 
Features SIFT 

Bag of Words  Menglin wu et. al., [52] (2012) 

Compact Color 
Descriptors  

Euclidean Distance   Deng et. al., [53] (2001) 

Binary Color 
Histogram 

Similarity based retrieval Utenpattanant et. al., [54] (2006) 

Color Constancy  Bag of Words Joze et al., [55] (2010) 
 Color Descriptor Fuzzy Relevance Feedback Using Query 

Vector Modification (QVM)  
M. Rahmatwidyanto et. al., [56] 
(2010) 

Colored, labeled 
dots 

Region Histogram Chad carson  et. al., [57] (1996) 

Color Descriptor DCT (Discrete Cosine Transformation)  Malik et. al., [58] (2012) 
Color 
Correlogram  

Histogram refinement  Huang et. al., [59] (1997) 

Color Histogram 
and Global 
Descriptor 

Similarity based retrieval Sharma et. al., [60] (2011) 

Color Coherence 
Vector 

Histogram Refinement Pass et. al., [61] (1996) 

Color Histogram Weighted distance between color 
histograms of two images 

J. Hafner et. al., [62] (1999) 

Pro-semantic 
features (color 
and classes) 

Relevance feedback Ciocca et. al., [63] (2011) 

Color Histogram Laplacian Filter Malik, fazal et. al., [64] (2012) 
Color Histogram Fuzzy hamming distance  Ionescu et. al., [65] (2004) 
Color histogram Robust image retrieval based on color 

histograms of local feature regions 
(LFR) 

Wang et. al., [66] (2010) 

Color histogram 
indexing color 
moment 

Weighted sum of the absolute 
differences between corresponding 
moments 

M. Stricker et. al., [67] (1995) 

Texture 

  

 Texture 
Descriptor 

Wavelet transformation J. R. Smith et. al., [68] (1994) 

Tamura Texture 
Feature 
Extraction 
Techniques 

Fuzzy logic to reduce semantic gap Kulkarni et. al., [69] (2010) 

Statistical and Weighted Feature Identification Selvarajah et. al., [70] (2011) 
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structural texture 
features 
 Texture 
Descriptor 

Texture features extracted using Co-
occurrence Matrices  

 Idrissi et. al., [71] 

Discrete cosine 
transform  

Soft computing (Neuro-Fuzzy )  Sorwar et. al., [72] (2004) 

 Texture 
Descriptor 

Edge Statistic S. Michel et. al., [73] (1994) 

 Gabor filter Texture features extracted using Gabor 
filter 

Manjunath et. al., [74] (1996) 

 Texture 
Descriptor 

Alpha‐stable modeling of wavelet 
decompositions 

George et. al., [75] (2004) 

Shape  Shape 
Descriptor 

Curvature scale space F. Mokhtarian et. al., [76] (1997) 

Shape Descriptor Template matching Sougata et al., [77] (1997) 
Shape Descriptor Shape matrix and snake model Sheng et. al., [78] (2005) 
Shape Descriptor Fourier transforms Michaelortega et. al., [79] (1997) 
Shape Descriptor PIC- SOM Brandt et. al., [80] (2000) 
Shape Descriptor Canny edge detection and k-means 

clustering algorithms 
Ramamurthy et. al., [81] (2011) 

Contour  region 
shape descriptor 

Comparative analysis Zhang et. al., [82] (2002) 

Shape Descriptor Convex part Fumikazu et. al., [83] (1995) 
Shape Descriptor Elastic deformation of template Pentland et. al., [84] (1996) 
Edge Co 
occurrence 
matrix (ECM)  

Euclidean distance. Rautkorpi et. al., [85] 2004 

Contour Euclidean distance. Arivazhagan et .al., [86] (2007) 
Shape Descriptor Support Vector Machine Guan et. al., [87] (2009) 
Gradient 
operators and 
slope magnitude  

Block truncation coding (BTC) Kekre et. al., [88] (2010) 

Color-
texture 

Color and texture 
descriptors 

Modular radian basis function, self 
organizing map, learning vector 
quantization, principle component 
analysis 

Chang et. al., [89] (2010) 

 Color-texture 
descriptors 

Fuzzy attributed relational graph 
(FARG) human vision system (HSV).  

Ahmed et. al., [90] (2008) 

 Color and 
texture 
descriptors 

Semantic color names to same regions Liu et. al. [91] (2005) 

 Color and 
texture 
descriptors 

Region saliency Wang et. al., [92] (2002) 

 Color-texture 
descriptors 

Decision tree-based learning algorithm  Liu et. al., [93] (2008) 

 Color and 
texture 
descriptors 

Multi-objective genetic algorithm   Tran et. al., [94] 2005 

 Color-texture 
descriptors 

Perceptually based, spatially adaptive, 
color-texture segmentation scheme 

Depalovet. al., [95] (2006) 

Color and texture 
descriptors 

Multilayer perceptron  Sajjad et. al., [96] (2012) 
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YCrCb color 
space and texture 
feature 

Localized content-based image retrieval 
( user is only interested in a portion of 
the image, and the rest of the image is 
irrelevant) 

Rahmani et. al., [97] (2008) 

Histogram, 
wavelet 
coefficients 

Genetic algorithm  Joshi et. al., [98] (2007) 

Texture-
shape 

Root pixel major 
axis minor axis 
basic rectangle 
centroid 

Concept lattice and cloud model theory  Senate et. al., [199] (2010) 

Color-
texture-
Shape 

 Color-texture-
shape descriptors 

Learning based feature selection and 
ranking support vector machine (ranking 
SVM) algorithm to reduce semantic gap 

Guan et. al., [100] (2010) 

Area, circularity, 
eccentricity, 
major axis 
orientation, set of 
algebraic 
moment 
invariants, color 
histogram 
coarseness, 
contrast, and 
directionality 

Euclidean or weighted Euclidian 
distance. 

W. Niblack et. al., [101] (1993) 

 Color-texture-
shape descriptors 

(1) A unified graph is built to combine 
the visual feature-based image similarity 
graph with the double-tag bipartite 
graph; (2) a novel random walk model is 
then proposed 

Ma et. al., [102] (2010) 

Color histogram, 
Gabor and 
wavelet    

Comparative analysis of feature 
extraction technique  

Ashok kumar et. al., [103] (2011) 

 Color-texture-
shape descriptors 

Cluster-based retrieval of images by 
unsupervised learning (CLUE), 

Chen et. al., [104] (2003) 

 Color-texture-
shape descriptors 

Multimodal latent semantic indexing 
(MMLSI) and multi-modal probabilistic 
latent semantic analysis (MMPLSA) 

Chandrika et. al., [105] (2010) 

 Color-texture-
shape descriptors 

Modular neural network (tree topology) 
for object detection 

Gallo et. al., [106] (2011) 

 Color-texture-
shape descriptors 

A fuzzy rule based method is proposed 
which determines which of the image 
features are more important than the 
other 

Lakdashti et. al., [107] 

(2009) 

 Color-texture-
shape descriptors 

Recursive neural networks for object 
detection 

Bianchini et. al., [108] (2004) 

 Color-texture-
shape descriptors 

Modular neural network based class 
recognition for robots 

Zheng et. al., [109] (2011) 

 Color-texture-
shape descriptors 

Wavelet transforms , partial least 
squares  classification 

Da silva et. al., [110] (2011) 

Color-texture-
shape descriptors 

 Minimum bound region (MBR) with a 
reference coordinate. The reference 
coordinate is used to compute the spatial 
relation among objects.  

Wang et. al., [111] (2010) 
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By analyzing the existing works mentioned in Table 2-1, following are the major findings: 

1. CBIR purely depends on image visual descriptor. 

2. Researchers use different statistical, probabilistic, and intelligent machine learning 

methods for image retrieval. 

3. Due to comprehensive dependency on visual descriptor, all above approaches do not 

properly mimic human intensions and image semantics. 

4. Large computation is required for large datasets. 

5. Researchers have identified semantic gap in low level features and high level image 

semantics. 

6. The performance (precision and recall) of all CBIR systems is inherently constrained 

because of the use of low level visual descriptors. 

 

2.2 LITERATURE REVIEW ON SEMANTIC BASED IMAGE RETRIEVAL (SBIR) 

Researcher proposed four major approaches to bridge SG, such as image database categorization, 

image annotation, RF, and object ontology. These approaches are collectively named as SBIR. 

2.2.1 IMAGE DATABASE CATEGORIZATION 

In database categorization [112]-[118], images are segmented into categories in the database. If a 

query image is found in any of the category all other images in the same category are treated as 

semantically similar to the query image. In this approach, considerable effort has been made to 

deduce effective clustering algorithms. These algorithms attempt to learn relevant features for 

each category and use partial supervision information to steer the clustering process [119]-[126]. 
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This approach does not work well if the database has semantically diverse images. Moreover, all 

images in a class might not depict exactly the same semantics. 

2.2.2 RELEVANCE FEEDBACK 

RF is the pioneer in SBIR [127]. In this approach, first a query image is put forward for retrieval 

and afterwards, the system retrieves sets of images that are visually similar to the query image. 

User provides RF on the retrieved result in the form of positive and negative feedback to modify 

query for optimal retrieval [128]-[131]. Positive feedback corresponds to the image closer to the 

desired image and negative feedback represents image that is far from the desired image in terms 

of semantics.  

Iteratively, the algorithm continues by using the information obtained from the features of the 

current query and factors in the given feedback information to adjust or guide the query tract to 

adapt to the user's perception. In this approach, image semantics may be tailored due to 

inappropriate feedback. Moreover, it is iterative nature of the approach that makes it 

computationally complex. Summarized tabular view of some variants of relevance feedback 

approach for SBIR is presented in Table 2-2.  

2.2.3 IMAGE ANNOTATION 

The third approach involves annotating images and interpreting them with textual features to 

support text-based queries. While this could be done manually, it is slow and not suggested for 

large scale image databases. A viable alternative would involve automatic image tagging. 

Researchers have proposed automatic annotation of regions in image. Retrieval phase of this 

approach uses a matrix to correlate query terms and annotated regions in image database. Image 
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possesses higher frequency query terms as annotated regions. The images containing such high 

frequency terms are marked as semantically similar images.  This approach has limited scope 

because real life images usually have diversified regions. Technically, for diversified image 

regions this approach possesses high recall but very low precision. Summarized tabular view of 

methodology and applied approaches in the domain of manual, semi-automatic, and automatic 

annotation for SBIR is presented in Table 2-2. Detailed description of image annotation approach 

is discussed in section 1.1.2.3.1 

2.2.4 OBJECT ONTOLOGY 

The term object ontology in image retrieval refers to the description of image concepts with 

regard to their relationships. It is a method that determines semantics of an image document. 

Specifically, it is a machine interpretable knowledge model that comprises of concepts, classes, 

relations, axioms, and rules. Concepts, classes, relation, axioms and rules are generally in 

domain vocabulary. In other words, concept ontology is metadata about the image and its 

concepts that provide strong semantics by providing a controlled vocabulary of concepts. Object 

ontology is a considerably good approach but its metadata architecture appears to be much more 

complex and occupy large memory. Moreover, this approach is reported to have low precision 

for conceptually diverse images [132]. 
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2.2.5 SUMMARY OF RELATED WORK IN SBIR 

Researchers proposed various approaches in the domain of image annotation, RF, and object 

ontology for SBIR. Summarized tabular view of applied approach for corresponding techniques 

is shown in Table 2-2. 

Table 2-2 Summary of Research Work in the Domain of SBIR 

Semantic Based Image Retrieval 
Methodology Approach Researcher (Year) 
Manual 
Annotation 

User annotated Wikipedia Image collection  
Fuse text and visual features for manual annotation Arias et al., [133] (2003) 
Clustering and feature extraction. Use the thesaurus to 
annotate image using fuzzy membership functions. Visual 
feature and annotation fusion  

Caudill et al., [134] (2009) 

Probabilistic latent semantic indexing Zhang et al., [135] (2006) 
User annotation Google Image Labeler [136] 
The segmented and annotated IAPR TC-12 benchmark. Escalante et al., [137] (2010) 
User annotation Inotes [138] 
User annotation Facebook  

Semi-
automatic 
Annotation 

Bayer Probability Bradshaw B et al., [139] (2000) 
Self-training paradigm Chatzilari et al., [140] 2012 
Co-occurrence Model Ghoshal A et al., [141] (2005) 
Labeling images with emotional keywords based on visual 
features  

Olkiewicz et al., [142] (2010)  

Bootstrapping  Gong et al., [143] (2009) 
Graph based link Ilaria Bartolini  et al., [144] (1998) 

Automatic 
Annotation 

Decision Tree Huang et al., [145] (1998) 
Bootstrapping Feng et al.,  [146] (2003) 
Latent Semantic Analysis Gao et al.,  [147] (2006) 
Latent Semantic Analysis Pham et al., [148] (2007) 
Semantic-space and object ontology Hare et al., [149] (2006) 
Create benchmark of image collection Escalante et al., [150] (2010) 
Naive-Bayes Nearest Neighbor method  Deyuan Zhanget al., [151] (2004) 
Semantic cohesion  Escalante et al., [152] 2008 
Word co-occurrence and Markov random  Escalante et al., [153] 2007 
Color SIFT Fusion (CSF) and the Color Grayscale SIFT 
Fusion (CGSF)  

Mihai et al., [154] (2011) 

Top-down, ontologically driven approaches and bottom-up, 
automatic-annotation approaches  

Hare et al. [155] (2006) 

Semantic annotation based on a genetic algorithm, 
anticipatory and parallel genetic algorithm. 

Mocanu et al., [156] (2010) 

Hidden Markov Model Mori et al., [157] (1999) 
 

Relevance 

 

Semantic Feedback  

Yang et al., [158] (2006) 

Multi user relevance feedback Rege et al., [159] (2007) 
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Feed Back 

 

 

 

 

 

 

 

Semantic manifold Lin et al., [160] (2005) 
Relevance feedback  with user-provided information and 
use Maximum Margin Projection (MMP) for dimension 
reduction 

He et al., [161] (2008) 

Adaptive classification and cluster merging to find multiple 
clusters of a complex image query on relevance feedback 

Kim et al., [162] (2003) 

Long-term image retrieval algorithm (LTL), which learns 
image semantics from the prior search short-term learner 
(STL) that captures user’s image perceptions 

Shah-Hosseini et al., [163] (2007) 

SVM-based active relevance feedback framework with a 
hybrid visual and conceptual content representation and 
retrieval.  

Ferecatu et al., [164] (2008) 

Kernel matrix to represent semantic information  Gosselin et al., [165] (2005) 
Latent Semantic Indexing (LSI)  Pardijs et al., [166] 
Latent Semantic Indexing (LSI) for region identification Chen et al., [167] (2005) 
Use color, shape and texture descriptor for Relevance Feed 
Back 

Nandagopalan et al., [168] (2008) 

Heuristic information and intermediate semantic features 
for contents objectivity 

Zhang et al., [169] (2008) 

Comparative analysis of different relevance feedback 
algorithms 

Karthik et al., [170] (2006) 

Multi- modal feedback Janghyun Yoon et al., [171] (2003) 
 

Object 
Ontology 

 

 

Color representation Ontology P.L. Standchey et al., [172] (2003) 
Ontology and Latent Semantic Analysis Ozcan et al., [173] (2004) 
High level concept ontology V. Mezaris et al., [174] (2003) 
Multi-modality Ontology Huan Wang et al., [175](2008) 
Bootstrapping automate for ontology evolution  Spyropoulos et al., [176] (2005) 
Bootstrapping Castano et al., [177] (2007) 
Abduction over Description Logic Ontology Peraldi et al., [178] (2009) 
Semantic feature (Image Average Color Dominant color, 
Position Size Shape) 

Khodaskar et al., [178] (2012) 

Multiple modalities and feedback Kosmopoulos et al., [180] (2006) 

An intensive analysis of the above literature review, presented in Table 2-2, portrays a big picture 

of SBIR methodologies and their corresponding approaches. Generally, researchers proposed 

image annotation, RF, and object ontology as a methodology for SBIR.  

In the area of annotation initially researchers have proposed manual annotation method to 

annotate an image. This reported to give low precision but high recall, because, few keywords 

are not sufficient to mimic the image semantics. Moreover, manual annotation is highly 

subjected to annotator’s perception. As an extension of manual annotation Escalante et al., [137] 

proposed to annotate image at region level instead of annotating complete image. They presented 
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user segmented and annotated benchmark dataset, which comprises of 20,000 real life images. 

All images in the dataset are segmented into regions and annotated by user at region level. The 

main contribution of this study was to present a segment and user annotated benchmark dataset. 

However, its performance for SBIR was not evaluated. Research community also proposed to 

employ a semi-automatic methodology for SBIR. This makes a minute improvement in 

annotation time and labor. However, not very promising advancement could be kept in terms of 

precision. Further, researchers propose AIA method in which image or regions (concepts) are 

annotated with domain specific keywords. Retrieval phase of this methodology uses matrix 

approach with keywords to retrieve relevant images.  

The AIA approach is constrained by low precision because matrix based approaches are deficient 

to perform well for semantics extraction specially, when an image contain a diverse set of 

regions (concepts), for example, real life images. To handle this issue we propose AIA using 

modular machine learning approach which also helps in evolving the term dictionary. To the best 

of our knowledge automatic evaluation of keyword for SBIR has not been discussed before 

Further, we propose to use semantic indexing approach instead of matrix oriented approach to 

retrieve semantically similar images. 

Relevance feedback is another methodology that has been intensively spotlighted by the research 

community for SBIR. This opens a new door in SBIR. Though, various statistical, probabilistic, 

and artificial intelligence approaches are used in this methodology, but generally its performance 

is reported to be constrained by low precision and recall because it forces to alter the query 

vector that causes to alter the image semantics for a variety of applications. Object ontology was 

considerably good approach but its metadata architecture appears to be much more complex. 
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Moreover, this is reported to have low precision for conceptually diverse images. In this 

dissertation, we propose a novel framework for SBIR without compromising precision and 

recall. Ours is a hybrid automatic concept annotation and semantic indexing approach. We also 

report on the performance of our proposed approach tested on a large image dataset (20,000 real 

life images) and found to be satisfactory. Another contribution in this work is to innovate and 

evaluate image classification and optimization techniques for image retrieval as a preliminary 

study. 

2.3 KEY FINDINGS IN CBIR AND SBIR LITERATURE 

The key findings in the literature review comprise of two major segments. The first segment 

refers to the methodologies adopted for CBIR while the second focuses on the approaches 

employed for SBIR.  

In general, the construction of all CBIR methodologies, mentioned in Table 2-1 primarily 

comprise of three basic building blocks namely, image transformation block, similarity 

computational block, and finally retrieval block.  In an image transformation block, query 

image is first translated into a feature vector / visual descriptor which further comprises of color, 

texture, and/or shape attributes. This visual descriptor is technically termed as low level visual 

descriptor. Subsequently, similarity computation block computes the similarity between query 

image’s FV and database’s image FV. Finally, retrieval block ranks the result according to the 

similarity between query image FV and each entry of FV table (FVT contains FV of each image 

in the database). The set of images having similarity above the set threshold is marked as 
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retrieved images. In subsequent paragraphs we provide review of the existing work done by 

different researchers to contribute in the working of these blocks. 

As discussed above the first block is designated to transform visual image into corresponding 

low level visual descriptor. It has been observed from the literature that researchers have used 

numerous disjoint low level visual descriptors such as SIFT, color histogram, color constancy, 

color correlogram, color coherence vector, discrete cosine transforms of texture, Gabor filter for 

texture, contour region, edge Co-occurrence matrix (ECM), gradient operators and slope 

magnitude, rate pixel major axis, and minor axis basic rectangle centroid etc. to mimic an image 

as visual descriptor. Due to disjoint selection of visual descriptor, there is no benchmark of 

visual descriptor reported in the literature. We have looked into the issue of unavailability of 

benchmarks set of low level visual descriptors and found that the rationale of visual descriptor 

selection is based on the retrieval application and nature of images. For examples in gait 

recognition using silhouette images only shape feature is significant, however color and texture 

features are meaningless for silhouette images [191]. Likewise for geographical information, 

system shape and texture features are more significant than color information. This is the reason 

for unavailability of any prominent benchmark low level visual descriptors in the literature for all 

applications. This creates pressing need to devise methodologies which yield better performance 

(precision and recall) regardless of the low level visual descriptor. 

The second block of CBIR is the most investigated block in the literature. It is mentioned in the 

literature that similarity computation block of CBIR uses numerous methodologies such as  

Euclidean Distance, Template matching, Fuzzy Relevance Feedback, Discrete Cosine 

Transform, Histogram Refinement, Weighted Feature Identification, Neuro-Fuzzy approach, and 
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Support Vector Machine etc. for image retrieval. The performance of all these approaches is 

more or less close in terms of retrieving visually similar images. However, they are deficient in 

retrieving semantically similar images. In this dissertation we have given validation of our claim 

(as minor contribution) by evaluating the performance of CBIR system for visually and 

semantically similar images. We have also reported that though after modifications, performance 

improvement in terms of retrieving visually similar images has been achieved, but the 

improvement does not translate into semantically correct image retrieval. This opened a doorway 

for us to investigate and organize such a method that can retrieve semantically similar images 

instead of concentrating on retrieving visually similar images.  

Finally, in retrieval block not very diversified methods have been observed. Majority of these 

methods use ranking method. In ranking method all entries of FV table are placed and classified 

in ascending or descending order in which highly ranked images are listed in the upper side. The 

set of images above a set threshold are marked as retrieved images. 

From the above discussion, it is concluded that there is a need to formulate a methodology for 

image retrieval which is independent of low level visual descriptor and can retrieve 

semantically similar images. This conclusion personate to the logical rationale that 

investigation direction should be towards SBIR instead of CBIR approaches.  

We further extent our literature review towards SBIR and have identified mainly three major 

methodologies used for SBIR namely, image annotation, relevance feedback, and object 

ontology. The theoretical details of these methodologies are discussed in Section 2.2. Relevance 

feedback has been spotlighted by many researchers in the community for SBIR. In relevance 
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feedback though, various statistical, probabilistic, and artificial intelligence approaches are 

employed such as semantic feedback, multi user relevance feedback, adaptive classification, 

SVM, latent semantic indexing, heuristic approaches, and multi-modal feedback, but generally 

their performance, as given in the literature, is told to be constrained by low precision and recall 

because all forces to modify the query vector that does too alter the image semantics for a variety 

of applications. Object ontology is also considerably better approach and has been employed 

using high level concept ontology, bootstrapping, color representation ontology. In these 

methods the metadata architecture appears to be much more complex. Moreover, this is reported 

to have low precision for conceptually diverse images. 

Image annotation methodology is the most spotlighted and practiced methodology for SBIR. 

Initially researchers have proposed manual annotation method to annotate an image using Fusing 

text with visual features, User annotations etc. Manual annotation approach gives low precision 

but high recall, because few keywords are not sufficient to mimic the image semantics. It also 

demands high annotation time and human labor. Further, research community also proposed to 

employ a semi-automatic methodology for SBIR using self-training paradigm, co-occurrence 

model, labeling images with emotional keywords, bootstrapping, graph based link, decision tree, 

and Naive-Bayes nearest neighbor method etc. This makes improvement in annotation time and 

labor. But still not very promising advancement is reported in the literature in terms of precision. 

Further, researchers propose automatic annotation method in which images are annotated with 

domain specific keywords. This approach was employed using word co-occurrence and Markov 

random process, ontologically driven approaches, semantic annotation, and hidden Markov 

model etc. The automatic annotation approach is also constrained by low precision because 
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matrix based approaches are deficient to perform well for semantics extraction specially, when 

an image contains a diverse set of regions (concepts). Though, AIA significantly reduces the 

annotation effort and time, but few domain specific keywords are insufficient to mimic complete 

image semantics. Form this literature review it is hypothesized that interpreting image as a 

function of regions / objects / concepts can present a better trade-off between precision and recall 

for SBIR.  This hypothesis directed us to analyze image at a region (concept) level instead of 

image level.  

It is thus, concluded from the key findings that a methodology needs to be devised that can 

automatically annotate image at a region / concept level and use this annotation to specify the 

image semantics. Further, retrieval phase of the proposed methodology must retrieve 

semantically similar images instead of visually similar images with an acceptable trade-off 

between precision and recall. 

In the subsequent chapters we have presented an empirical rationale of the methodology adopted. 

In Chapter 3 we have validated our claim that though CBIR methodologies are better at 

retrieving visually similar images, they are deficient in retrieving semantically similar images. In 

Chapter 4 and 5 we have presented the performance evaluation of our proposed methodology in 

terms of a maximum value of precision and recall. Chapter 6 and Chapter 7 give conclusion and 

future recommendations of the dissertation, respectively. 
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Chapter 3  

PERFORMANCE EVALUATION OF SOFT COMPUTING BASED 
IMAGE RETRIEVAL METHODS 

 

This chapter introduces the performance evaluation of soft computing based image retrieval 

methods. The image retrieval process inherently resides in the area of classification and 

optimization. This creates a rationale of using soft computing for image retrieval.  In soft 

computing, artificial neural networks and evolutionary algorithms are widely used for 

classification and optimization purposes respectively. These methods are reported as satisfactory 

techniques for various classification and optimization problems such as voice identification 

[181], fraud classification [182], production cost optimization [183], energy optimization [184] 

etc. However, from the literature it is not fully clear how these techniques would perform on 

image comparison and retrieval. Hence, we have done a performance evaluation of these 

techniques to see if modification in one or more of these methods would serve our purpose of 

semantically correct image retrieval. In this chapter we report on performance of these 

techniques and their modified versions (by us). 

We also report that though after modifications, performance improvement in terms of content 

based image retrieval has been achieved but the improvement does not translate into 

semantically correct retrieval of images.  

This leads us towards the logical conclusion of planning and development of a new SBIR 

framework which also includes a novel modular ANN based topology. The details and the 

evaluation of the topology and the framework are given in Chapter 4 and 5 respectively. 
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3.1 APPLYING SOFT COMPUTING TECHNIQUES FOR IMAGE RETRIEVAL 

There are many well-known soft computing techniques which can be employed for image 

comparison and retrieval. Some of these are; Multilayer Perceptron (MLP), Radial Basis 

Function (RBF), Support Vector Machine (SVM), Self Organizing Map (SOM), Genetic 

Algorithm (GA), Interactive Genetic Algorithm (IGA), Aunt Colony, etc.   

We started our investigation with MLP. The reason for starting with MLP is its widespread 

application for classification and prediction of real life data.  Similar work is reported by Lee et 

al. [185] with 49% correct recognition with respect to visual content. In our performance 

evaluation, we analyze the effect of parameters such as the number of neurons, learning rate, 

epoch, and bias value as a function of retrieval performance. In addition, new color and texture 

visual features are suggested for image retrieval. This contribution gives us correct percentage 

recognition of 62%, a net improvement of 13% over and above the improvement realized by the 

Lee’s work (section 3.2). This improvement is considered good in terms of visual content based 

image retrieval but it does not translate much improvement in terms of semantically correct 

image retrieval. 

We then decided to try our hand at RBF which is another variant of ANN. Moreover, it has been 

reported to be relatively better for some applications in terms of true percentage recognition. 

Incorporating the same modifications (new color and texture visual features) in RBF, we 

performed its simulation and found that the recognition of visually correct images has reached 

72%, which is 10% more than given by MLP algorithm (Section 3.3).In case of RBF too; our 

effort does not give rise to improvement in semantically correct matching. 
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This creates a rationale to employ optimization techniques for image retrieval. In this regard a 

comparative study of different optimization methods such as SIM, GA and IGA is performed. To 

the best of our knowledge, no such study is available. Our simulation results show that IGA 

performs relatively better in terms of computational cost and percentage of correct recognition as 

compared to SIM and GA. An average correct recognition for IGA is 68% which is not 

acceptable for a variety of applications. 

An intensive investigation on above experimentations develops an understanding regarding 

retrieval performance based on visual content (existing visual descriptor). It has been inferred 

that retrieval performance cannot significantly be enhanced by only employing variants of 

computing methods. A new set of visual descriptor needs to be devised to handle performance 

issue. In this regard, a new set of visual features are proposed and evaluated using MLP 

algorithm. This experimental setup gives 82% correct recognition.  

In order to validate our modifications more rigorously, we have employed another dataset to 

testify the results. Using identical experimental setup as mentioned in the case of Wang’s dataset, 

the simulation results for COIL (Columbia Image Library) dataset are given in Figure 3-20 to 

Figure 3-30. The simulation results from both datasets proved that the suggested modifications 

performed well as expected. Moreover, results from either dataset have almost similar pattern. 

This shows that our modifications are not only better, but at the same time these are dataset 

independent 
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It is to be explicitly mentioned here that the performance evaluation of soft-computing 

techniques is not the main contribution of this dissertation. Indeed main/major contribution of 

this dissertation is to find a mechanism which would enable correct and efficient semantics based 

image retrieval. The comparison of soft computing techniques is only a minor contribution this 

work that too is done to lead us to the main contribution. 

Our main contribution is also clear from the abstract, summary, and chapter number 04 and 05. 

Chapter 03 gives the performance evaluation of soft computing techniques when applied for 

semantics based image retrieval but only as preliminary work to understand the phenomenon 

which lead us to propose a new framework for semantics based image retrieval and evaluate it as 

well. 

3.2 CONTENTS BASED IMAGE RETRIEVAL USING MULTILAYER 

PERCEPTRON 

This section presents performance evaluation/improvement of CBIR using MLP, an ANN 

variant. The purpose of this effort is to extract the low level visual descriptor (color and texture) 

from Wang’s and COIL dataset along with its performance evaluation/improvement. By 

changing visual features and by tuning this algorithm (details in subsequent sub-sections) we 

have achieved a true recognition of 62% which is a net improvement of 13% over and above the 

improvement realized by the Lee’s work. 
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This work has been presented by us in “International Multi-topic conference IMTIC’12”, 

published by Springer in “Emerging Trends and Applications in Information Communication 

Technologies Communications in Computer and Information Science Volume 281, 2012, pp 

501-511”. 

3.2.1 MULTILAYER PERCEPTRON 

MLP algorithm is an extensively employed variant of ANN. This algorithm primarily comprises 

of two steps namely; forward propagation, and backward propagation. Forward propagation is 

the dissemination of input parameters to neurons of each layer where, an activation function at 

each neuron transforms input parameters to the corresponding output values. However, backward 

propagation computes error between desired and actual output value. Usually, the mean-square 

error (MSE) is considered as a measure of the global error, which is shown in Equation 3-1. Both 

processes (forward propagation and backward propagation) execute iteratively to the defined 

number of epochs (training cycles).The result of this iterative execution is the set of trained 

weights and trained bias values. Testing phase use these trained weights and trained bias values 

to predict the outputs using Equation 3-2. 
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Equation 3-1 

Where, 

ej (n) is the error between yj (n) and dJ (n). 

jthis index of neuron 
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yj(n) computed output 

dj(n) desired response 

Nois the number of output nodes. 

 

The weight associated with the ith neuron of the (l-1)th layer to the jth neuron of the lth layer is 

trained by Equation 3-2. 
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Equation 3-2 

Where, 

)(n  is the time-varying learning rate which can be updated using robust variable step-size least 

mean-square (RVSS) algorithm. Update function is defined in Equation 3-3. 

    )(1 2 npnn    

Equation 3-3 

With 

    )1()()1(1  nenenpnp   

Equation 3-4 

Such that 0< <1, 0<  <1, and  >0.  

The    nl
j  is local gradient associated with the jth neuron for the lth layer which can be 

computed by using Equation 3-5. 
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Equation 3-5 

3.2.2 VISUAL DESCRIPTOR EXTRACTION FROM WANG’S AND COIL DATASET 

Wang’s and COIL dataset is a publicly available dataset. We have used four classes of Wang’s 

dataset (bus, flower, horse and landscape) each with 90 images and 20 Classes of COIL dataset. 

We first extract color and texture features of each image that constitute a FVT. The dimension of 

FV table is (m x n) where m gives the number of images in a database and n represents the 

number of visual descriptor attributes. Each row of FV table is considered as FV which 

comprises of color and texture features. Color feature contains the mean and standard deviation 

of RGB color. And the texture feature is expressed by image entropy.  Mathematically, FV is 

shown in Equation 3-6. 

 .EFV bgrbgr   

Equation 3-6 

Where  and  are the mean and standard deviation of red, green and blue layer and E is the entropy of the 

image. 
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3.2.3 EXPERIMENTAL SETUP OF MLP BASED CBIR 

This section introduces components and structure of experimental setup for MLP based CBIR, 

which comprises of four fundamental phases namely; visual feature extraction, construction of 

dataset, training of MLP weights and bias values, and finally the testing phase. 

The experimental setup begins by transforming pixel based image into corresponding visual 

feature vector.  This process continues for all images of database to construct a dataset. The 

dimension of this dataset is (m x n+1) in which m is the number of images in database, and n 

corresponds to the number of visual features. The last column of dataset contains an integer 

value that represents an object class (0=bus, 1=flower, 2=horse, and 3=landscape). The dataset is 

used to train MLP weights, and bias values of all classes. In the testing phase the query image’s 

feature vector, trained weights, and trained bias values are combined, as shown in Equation 3-2, to 

predict the actual output. The output of the experimental setup is the set of visually similar 

images. In the experimental setup we use 40 input neurons, one hidden layer and one output 

layer with a single output neuron. We have chosen one hidden layer because it is known in 

literature that most of the basic classification can be achieved using single hidden layer. Since 

output values ranges from 0 to 3 (possibly greater than 1), each neuron uses tensigmoid and 

purelin as an activation function. Training images are 360 while testing images are 35. 
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3.2.4 SIMULATION RESULTS AND DISCUSSION 

The performance of MLP based CBIR has been evaluated by implementing a prototype model on 

MATLAB with the following steps. 

Step 1. Each image of database has M x N x 3 dimensions where M is the horizontal 

resolution which is 256 pixels; N shows the vertical resolution which is 256, and 3 

represents Red, Green, and Blue plane. First we separate each plane and find its mean 

and standard deviation which represents color feature. After normalization of color 

feature, we concatenate it with the computed entropy of the image which represents 

texture feature. 

Step 2. Transform a pixel based image into corresponding visual feature vector which 

comprises of color and texture feature. Feature vectors of all images are structures in 

FV table in which row represents images and column represents visual features. 

Step 3. Construct the dataset where input parameter is the FV table and output parameter is an 

integer number representing object class (0=bus, 1=flower, 2= horse, 3= landscape). 

Step 4. The dataset is provided to the back propagation algorithm with 40 neurons in the 

hidden layer to train weights and bias values. 

Step 5. Back propagation learning method trains weights of neurons. The training results are 

exhibited in Figure 3-1, and Figure 3-2 which represent the actual and trained outputs 

respectively. Mean square error between desired output and actual output is calculated 

for each epoch and results are shown in Figure 3-3. 

Step 6. Figure 3-4 shows the testing results (0=bus, 1=flower, 2= horse,3= landscape).The 

blue color shows actual output and red color shows trained output.  
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The experimental results of MLP based CBIR are shown in Figure 3-1 to Figure 3-4. The MLP 

training results are shown in Figure 3-1 and Figure 3-2 for desired output (blue curve), and actual 

output (red), respectively. In both figures x-axis represents indices of the images given to MLP 

for training and the y-axis represents the class of the image in which it is classified. 

By the term desired output we mean the class (number) given to an image by us (human) and the 

actual output is the class decided by the MLP. These figures illustrate that both red and blue 

curves are both moving in tandem indicating that MLP has been well-trained. 

The Sum of Square Error (SSE) of this experimental setup is shown Figure 3-3. In this figure x-

axis expresses the number of epochs and the y-axis represents MSE. The simulation results show 

that SSE is decreasing exponentially with each epoch. This fact indicates that after each iteration 

system is getting better trained. Moreover, SSE is nearly close to 0 after 50th epoch which shows 

that MLP has become well trained just after about 50 epochs. 

The testing results of our experimental setup are exhibited in Figure 3-4. In this figure x-axis 

represents indices of the testing images given to MLP (index range; 1-35) and the y-axis 

represents the class (0-3) of the image in which it is desired to be classified (desired output). 

There are two curves in this figure, namely, curve for the desired output (in blue) and the curve 

for the trained output (in red). As stated earlier desired output we mean the class (number) given 

to an image by us (human) and the new term trained output corresponds to the class decided by 

the trained MLP network. It is clear in this figure that both curves are coinciding with each other 

for several images, which indicates correct classification of those test images. The total correct 

classification in this experimental setup is found to be 62 %. It is observed that for class 1, 2, and 
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3 (horse, flower, and landscape) system shows fine classification results. However, for bus 

classification is not correct for most of the images. We scrutinized this issue and found that this 

is mainly due to visual features because bus images are rich in contents and their feature values 

are in very close proximity of each other. Technically, this is terms as over fitting issue. 

 

Figure 3-1 Training Output (Desired) 
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Figure 3-2 Training Output (Actual) 

 

Figure 3-3 Sum of Error Square in Training 
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Figure 3-4 Testing (blue color shows actual output and red color shows trained output) 

 

3.2.5 SECTION SUMMARY 

In Section 3.2, we described the implementation of original MLP based CBIR system, its 

modified (improved) version. The MLP algorithm (variant of ANN) uses color and texture 

features which are treated as image contents to classify the query image. The purpose of this 

effort is to extract the low level visual descriptor (color and texture) from Wang’s and COIL 

dataset along with its performance evaluation/improvement. By changing visual features and by 

tuning this algorithm (tuning parameters and its corresponding value is given in Section 3.2.4) 

we have achieved a true recognition of 62% which is a net improvement of 13% as compared to 

Lee’s work. This improvement is considered good in terms of visual content based image 

retrieval but it does not translate in much improvement in terms of semantically correct image 

retrieval.  
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3.3 COMPARATIVE ANALYSIS OF MLP & RADIAL BASIS FUNCTION FOR 

IMAGE RETRIEVAL 

Naturally the next step for us is to focus on the alternate variant of ANN, i.e., Radial Basis 

Function (RBF) and compare its performance with the improved MLP method (Section 3.2). 

This section consists of a comparative study between these two variants of ANN.  The correct 

percentage recognition and total computational cost are used as comparison criteria. The 

simulation results clearly indicate that RBF gives a relatively promising performance (correct 

percentage recognition, and total computational time) as compared to MLP for CBIR. 

This work has been presented by us in “12th WSEAS International Conference on 

Telecommunications and Informatics” Baltimore USA.2013. 

3.3.1 RADIAL BASED FUNCTION ALGORITHM 

RBF is another most commonly employed variant of ANN. The functional flow of RBF is 

similar to MLP, i.e., RBF uses forward & backward propagation for training & error 

computation, respectively.  The output nodes of RBF implement a weighted linear summation 

function which is similar to MLP. However, the subtle difference between the two methods 

resides in their activation functions. RBF uses Gaussian, multi-quadric, or generalized multi-

quadric as function for approximation. Unlike MLP which uses sigmoidal, pureline, or step 

functions for the same purpose. The weight of every link is updated by computing error for each 

training cycle. The mean square error (MSE) is the most general objective function for 

optimization which can be determined using Equation 3-7. The network diagram of RBF is 

illustrated in Figure 3-6. 
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Equation 3-7 

Where; 

ej (n) is the error between yj (n) and dj(n) 

jthis index of neuron 

yj(n) computed output 

dj(n) desired response 

Nois the number of output nodes 

For the recursive radial based algorithm Gaussian function is used where the weight linked with 

the ith neuron is updated using Equation 3-8. 
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Where; 

μ represents learning rate 

e is error between computed output and target output 

yi(n) is the calculated output of a single image and can be calculated using Equation 3-9 
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Equation 3-9 
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Equation 3-10 

Where cj is center of a region and rj is width of the receptive field. 

 

Figure 3-5 Network Diagram of RBF 

3.3.2 SIMULATION RESULTS AND THEIR ANALYSIS 

The experimental setup for this comparative study is similar to the one described in Section 3.2. 

This includes visual features, dataset, and simulation tool. Further, the computational cost of 

both variants has also been discussed later in the section. In subsequent sections, we first 

highlight simulation results of MLP and RBF separately and then compare these results in a 

separate sub-section as well. Simulation results include training curve, error curve, testing 

results, computation time, and probability of correct detection for both algorithms. 
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3.3.2.1 SIMULATION RESULTS OF MLP 

The training curve, error curve, and testing results of MLP have already been discussed in 

Section 3.2. However, this section explains total computational time and percentage recognition 

of each class using MLP.  As shown in Figure 3-6, the cumulative computational time for 100 

epochs is approximately 67 sec. This computational time is a function of various parameters like 

number of inputs, number of neurons, and learning rate. To ensure fairness, we calculate the 

computational time by keeping all these parameters same for both of the variants. Figure 3-7 

depicts the probability of correct retrieval for each class. As evident from this figure, the correct 

percentage recognition is approximately 20%, 60%, 100%, and 80% for Class 0, 1, 2 and 3 

respectively. Further comparative analysis of MLP and RBF in terms of computational time and 

correct percentage recognition is discussed in Section 3.3.2.2. 

 

Figure 3-6 Total Time of MLP Training 
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Figure 3-7 Probability of Retrieval of Each Class Using MLP 

3.3.2.2 SIMULATION RESULTS OF RBF 

In this experiment, all parameters, namely visual features, number of inputs, number of epochs, 

bias value, and learning rate correspond to the same values which were used in MLP experiment. 

The results for RBF are shown in Figure 3-8 to Figure 3-12. Figure 3-8 shows training output, Figure 

3-9 error curves, Figure 3-10 computational time, Figure 3-11 testing, and Figure 3-12 shows 

probability of correct retrieval against each class. Detailed description and analysis of each figure 

is given below. In Figure 3-8, x-axis represents indices of the images given to RBF for training 

and the y-axis represents the class of the image in which it is classified.  There are two curves in 

this figure, namely, curve for the desired output (in blue) and the curve for the predicted output 

(in red). By desired output we mean the class (number) given to an image by us (human) and the 

predicted output is the class decided by the RBF. Now, we see in this figure that both the red and 

the blue curves are more or less coinciding with each other indicating that RBF has been well-

trained. 
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Similar result, i.e., RBF has been well-trained, is also observable in Figure 3-9. The x-axis in this 

graph bears the number of epochs and the y-axis represents SSE. Higher values on y-axis 

indicate higher error. ANN is supposed to be well-trained when the error is at minimum. In this 

Figure initially at low value of epochs, SSE is above 200. As we increase the number of epochs, 

MSE comes down exponentially (evident from steepness of the curve). After about 10 epochs, 

the curve flattens which shows that RBF has become well trained after about 10 epochs. 

Figure 3-6 and Figure 3-10 illustrate the cumulative computational time against epochs for MLP 

and RBF training, respectively. In these figures x-axis represent the number of epochs and y-axis 

corresponds to the cumulative computational time (sec). The graph for RBF shown in Figure 3-11 

depicts an approximate linearity with an average slope of 9 (calculated at different points). The 

similar graphical response is observed for MLP in Figure 3-6 but with much larger slope of 63. For 

example, for 100 epochs, RBF takes 9.4 seconds and MLP takes 67 seconds. The ratio between 

the slopes of MLP and RBF is therefore 63:9 or 7:1 indicating that RBF is seven times faster 

than MLP for CBIR.  

The testing results of RBF based CBIR are exhibited in Figure 3-11. In this figure x-axis 

represents indices of testing images given to RBF (index range; 1-35) and y-axis represents the 

class (0, 1, 2, and 3) of the image in which it is desired to be classified. There are two curves in 

this figure, namely, curve for the desired output (in blue) and the curve for the trained output (in 

red). As discussed earlier in this section the term desired output corresponds to the class 

(number) given to an image by us (humans), and the term trained output is the class decided by 

the trained RBF network. In this figure both desired and the trained curves are coinciding with 

each other for several image indices, indicating correct classification of those test images. 
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We define the cumulative correct percentage retrieval as the ratio (in percentage) between 

number of correct classified images and total number of instances (images) in a database. When 

calculated, the cumulative correct percentage retrieval is found to be approximately 72% for 

RBF and 62% for MLP indicating that in this aspect too RBF performs better than MLP. 

The in-depth analysis of simulation results demands analysis of correct percentage recognition 

for each class too. Therefore, we have computed correct percentage recognition of each class 

which is the ratio (in percentage) between the number of correct images retrieved per class and 

total number of images in each respective class in the database. For RBF, the correct percentage 

retrieval of each class is found to be 70%, 70%, 80%, and 65% for class 0, 1, 2, and 3 

respectively. The graphical representation of these empirical facts is illustrated in Figure 3-12.On 

the other hand the correct percentage retrieval of each class is 20%, 60%, 100%, and 80% for 

class 0, 1, 2 and 3 respectively. We calculate the standard deviation for RBF and MLP to find out 

how deviated the results are from the mean. The standard deviation is found to be 6.2915 and 

34.1565 for RBF and MLP respectively. The low value for RBF indicates that image 

classification done by RBF is much less deviant from the mean as compared to MLP. 

Above simulation results portray a very comprehensive comparative understanding regarding 

RBF and MLP. Instead of MLP, RBF can be recommended to be used for CBIR (not for SBIR). 

This is because RBF is not only computationally efficient, but also gives better correct 

percentage recognition as compared to MLP. Moreover, RBF shows consistent probability of 

correct recognition for each class which substantially reduces the well-known over fitting issue 

in classification applications. 
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Figure 3-8 Desired Output &Trained Output of RBF Training 

 

Figure 3-9 RBF Training Sum of Error Square 
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Figure 3-10 Total Computation Time of RBF Training 

 

Figure 3-11 Testing of RBF, (Blue Shows Desired Output and Red Shows Retrieved Output) 



77 

 

 

Figure 3-12 Probability of Correct Detection 

3.3.3 SECTION SUMMARY 

In this section, we have presented a comparative study between MLP and RBF for CBIR. Same 

modifications are introduced in both RBF and MLP, i.e., introduction of new color and texture 

visual features. Using simulations, we evaluated modified RBF and compared it with modified 

MLP. We found that the correct recognition of visually correct images has reached 72%, which 

is 10% more than shown by MLP algorithm. Moreover, RBF shows consistent classification for 

each class with less computational time. But still RBF is unable to translate this improvement in 

semantically correct image retrieval. This study also presents a fact that very significant 

performance change may not be achievable by simply changing the classification method. To be 

able to meet our goal of semantically correct recognition (SBIR), we need to extend our 

investigation beyond the application of different variants of classification methods for CBIR.  
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3.4 COMPARATIVE ANALYSIS OF OPTIMIZATION TECHNIQUES FOR IMAGE 

RETRIEVAL 

This section of thesis encompasses the relative assessment of evolutionary algorithms for CBIR 

approaches. To the best of our knowledge, previously no work has been presented which 

provides this comparative assessment for CBIR. Major contribution of this study is the 

performance evaluation of Similarity Index Measure (SIM), Genetic Algorithm (GA), and 

Interactive GA (IGA) for CBIR. In this study, the assessment and evaluation is defined as a 

function of retrieval efficiency and computational cost. The experimental setup is identical to the 

one explained in Section 3.2and Section 3.3. The simulation results of this experiment show that 

SIM is computationally more efficient than GA and IGA, however, it has poor probability of 

correct detection. Alternatively, IGA is computationally less expensive and offers efficient 

probability of retrieval as opposed to GA.  

3.4.1 GENETIC ALGORITHM 

GA is an evolutionary algorithm which is inspired from human evolution. It is generally 

perceived as an optimization algorithm. The fundamental concept of GA is to simulate the 

optimization problems in natural evolution concept, which is “survival of the fittest” as presented 

by Charles Darwin. An implementation of GA begins with the generation of random set of 

population. A fitness / cost function is then applied to each individual (chromosome) of the 

population. The chromosomes that give a better result against cost / fitness function are more 

likely to be selected for reproduction. Iteratively, this process continues till the defined number 

of generations. The best individual of each generation is kept in separate pocket. Finally the best 
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chromosome of all generations is set as optimized solution.  The outcome of the system is the 

retrieval of the optimized solution from search space. By the term optimized, we mean that a 

solution that is evolved from the existing solution, and is best fit for the given cost / fitness with 

given constraints.  

3.4.2 INTERACTIVE GENETIC ALGORITHM 

Interactive Genetic Algorithm (IGA) is a variant of GA. The major difference is in their 

application of fitness function. In IGA, fitness is initially assigned to chromosomes by the user; 

however, GA uses a pre-defined fitness function on random population. This user input helps in 

analyzing human perception for retrieval. In this way IGA can ‘interact’ with the user, and also 

can perceive user’s emotion or preference in the course of evolution. Figure 3-13 presents pictorial 

representation of both approaches. 

 

Figure 3-13 Functional Block Diagram of GA and IGA 
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3.4.3 SIMILARITY INDEX MEASURE 

The structural Similarity Index Measure (SIM) is an approach of comparing the similarities 

between two images. This index can be treated as a quality measure for the image which is being 

compared. The index gives good results if the reference image is of high quality. The SIM is an 

advance version of Universal Image Quality Index (UIQI) approach. 

3.4.4 SIMULATION RESULTS AND DISCUSSION 

This section gives the performance evaluation of GA, IGA, and SIM based CBIR approaches 

with its simulation evidence. We evaluate the performance with respect to accuracy (correct 

recognition) and computational cost. This analysis assists us to evaluate the performance of 

different variants of evolutionary algorithms for optimized image retrieval. The experimental 

setup is identical as established in Section 3.2 and Section 3.3, which includes dataset, input FV, 

and the number of output classes. 

The image categories, class number for each category, and corresponding indices are shown in 

Table 3-1. 

Table 3-1 Input Class 

Image Category Class Image Index Number 
BUS 0 001 to 090 

FLOWER 1 091 to 180 
HORSE 2 181 to 270 

LANDSCAPE 3 270 to 360 

We started our investigation with SIM based CBIR. In SIM we compute the Euclidian distance 

between query images’ FV and each row of FV table (details of FV and FV table are discussed in 

Section 3.2 and Section 3.3). This computation gives contents distance / cost (Euclidian distance 
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between features of query image and database image) with each database image. Finally, the 

results are ranked according to the content distance. The images whose content distance is below 

the threshold are marked as retrieved images. 

To further extend the solution space we also investigate the performance (correct percentage 

recognition, and computational time) of GA and IGA for CBIR. In GA based CBIR we first 

generate a random population unlike generating FV table in SIM. The cost function, shown in 

Equation 3-11, is then used to evaluate the cost of each chromosome. The cost function is a 

Euclidian distance between features of query image and each chromosome. The evaluating phase 

is an iterative process for the defined number of generations.  

The result of this iterative process is the optimal set of visual features (best pocket). This optimal 

set of visual features is then compared with FV’s of images in database. Finally, images closer to 

the optimal FV set are marked as retrieved images.   
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Equation 3-11 

Where, μ, σ, and E are normalized mean value, standard deviation, and the entropy of the image 

respectively. 

The similar experimental setup is established for IGA based CBIR as well. The only difference 

is in the initial population generation approach. In IGA we use FV of query image as initial 

population however in GA we generate the random population instead. This helps to generate 

population similar to query images which incorporates user perception in optimal FV set. 
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The simulation results of this experimental setup are presented in Figure 3-14 to Figure 3-19. Each 

figure provides results for all three algorithms. The content distance (cost) between the query 

images and database images is depicted in Figure 3-14 to Figure 3-17. In these figures x-axis 

represents the indices of database images and y-axis corresponds to the cost. Each figure gives 

cost using three different methods, i.e., SIM, GA, and IGA in red, green, and blue respectively. 

Figure 3-14 to Figure 3-17 show cost when the query image belongs to Class 0, 1, 2, and 3 

respectively. 

First of all we have discussed SIM algorithm. In Figure 3-14, the cost for indices belonging to 

class 0 (indices 1-90) is pretty low, i.e., approximately 0.02 because the query image also 

belongs to this class. For other indices (> 90) cost is slightly higher, i.e., greater than 2.The 

difference between the two costs is not substantial (1.98) which would result in incorrect 

classification of images. More or less the similar behavior is observable in Figure 3-15 to Figure 

3-17, i.e., the cost is minimal for targeted class and slightly more for other classes. Since SIM 

approach reports very small cost difference between classes for CBIR, it is highly likely to result 

in false and inconsistent image retrieval for each class. In order to further clarify this point we 

have plotted exact data regarding correct recognition in percentage in Figure 3-19. The x-axis in 

this plot represents a class number and the y-axis represents correct percentage of retrieval. We 

can see in the figure that the values of correct percentage of retrieval for SIM are 80% 80%, 

20%, and 20% for class 0, 1, 2, and 3 respectively indicating inconsistent and incorrect 

recognition using SIM. 
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After SIM we analyze the cost of GA and IGA which is shown in Figure 3-14 to Figure 3-17. As 

stated earlier Figure 3-14 to Figure 3-17 show simulation results when the query image belongs to 

class 0, 1, 2, and 3 respectively. We can see that the costs of GA and IGA are approximately 25 

and 15 respectively for class 0 (target class). For class 1, we determine the costs of GA and IGA 

from the same figure as approximately 45 and 35 respectively. This is good for identifying the 

query image because there is a clear difference between the costs for class 0 (target class) and 

class 1 (other class). However, as we progress towards other classes, i.e., class 2 and class 3, we 

observe that the costs are 30, 30 and 20, 20 for GA and IGA respectively.  

These costs are very close to the costs for class 0 which are 35 and 25 for GA and IGA 

respectively. The reason for the proximity of costs for classes 0, 2, and 3 is due to the overlapped 

nature of visual features of these classes. The proximity of costs for classes 0, 2, and 3 also 

indicates that GA and IGA would probably not be able to correctly classify the query image 

based on its visual features. Besides SIM, we have plotted correct percentage of retrieval for GA 

and IGA in Figure 3-19. The values of correct recognition in percentage by GA and IGA are 60%, 

0%, 10%, 30% and 70%, 75%, 40%, 80%. These figures indicate clearly the performance of GA 

and IGA. That is GA like SIM results in inconsistent and incorrect recognition for different 

classes. On the other hand IGA consistently results in correct recognition over all classes of 

images. 

The cumulative computational cost against iterations (number of generations) for SIM, GA, 

and IGA are depicted in Figure 3-18. In this figure x-axis represents the numbers of iterations and 

y-axis corresponds to the computational cost in terms of time (second). This graph depicts an 

absolute linearity with the slope of 0.1, 16, and 2.3 for SIM, GA, and IGA, respectively. Thus 
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cumulative computational cost ratio SIM : GA : IGA is calculated from these figures to be 

1:160:23. Therefore, we deduct that though SIM is highly prone to false classification but it is 

computationally much more efficient as compared to GA and IGA (23 to 160 times). Naturally, 

this computational efficiency is useless if SIM is unable to give acceptable and consistent correct 

recognition. On the other hand the ratio IGA:GA is 23:160 which is approximately 1:7 indicating 

that IGA is seven times faster than GA and at the same time its performance in terms of correct 

recognition (percentage) is better (from previous analysis). 

 

Figure 3-14 Class 0 Image as Query Image 
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Figure 3-15 Class 1 Image as Query Image

 

Figure 3-16 Class 2 Image as Query Image 
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Figure 3-17 Class 3 image as Query Image 

 

Figure 3-18 Total Computational Cost 
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Figure 3-19 Probability of Retrieval for Each Class 

3.4.5 SECTION SUMMARY 

This section presented a comparative study of different optimization methods for CBIR. The 

simulation results of this study depict that IGA is relatively a better optimization method for 

CBIR. The reason for this performance edge is twofold. First IGA is computationally less 

expensive than GA. Though SIM encompass least computational time but the performance is not 

consistent for all classes that make it highly not recommendable for CBIR. Second IGA has a 

better probability of correct detection for all classes as compared to GA. These two reasons 

justify the application of IGA for CBIR. Moreover, it also compensates semantic gap to some 

extent.  

The simulation results of this section, Section CONTENTS BASED IMAGE RETRIEVAL USING 

MULTILAYER PERCEPTRON3.2to Section 3.4, present a very clear picture about the application of 

classification and optimization methods for CBIR. These results are the evidence that only by 

using classification and optimization methods, no significant performance difference could be 
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observed in CBIR. These findings open a door of investigation towards identification of input 

visual features which represent the contents of the image. The subsequent section presents details 

of investigation which includes identification and evaluation of suggested visual features for 

CBIR. 

3.5 VALIDATION OF OUR FIRST CONTRIBUTION ON OTHER DATASET 

In order to validate our modifications more rigorously, we have employed another dataset to 

testify the results. Using identical experimental setup as mentioned in the case of Wang’s dataset, 

the simulation results for COIL dataset are given in Figure 3-20 to Figure 3-31. The simulation 

results from both the datasets prove that the suggested modifications perform well as expected. 

Moreover, results from either dataset have almost similar pattern. This shows that our 

modifications are not only better but at the same time these are dataset independent. 

The experimental results of MLP based CBIR on COIL dataset are shown in Figure 3-20 to     

Figure 3-24. The MLP training results are shown in Figure 3-21 for desired output (red curve), and 

actual output (blue curve), respectively. In this figure x-axis represents indices of the images 

given to MLP for training and the y-axis represents the class of the image in which it is 

classified.  

The SSE of this experimental setup is shown Figure 3-20. In this figure x-axis expresses the 

number of epochs and the y-axis represents SSE. The simulation results show that SSE is 

decreasing exponentially with each epoch. This fact indicates that, after each iteration, the 

system is getting better trained. Moreover, this is the same pattern that we have observed Wang’s 

case. 
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The testing results of our experimental setup are exhibited in Figure 3-22. In this figure x-axis 

represents indices of the testing images given to MLP (index range; 1-1440) and the y-axis 

represents the class (1-20) of the image in which it is desired to be classified (desired output). 

There are two curves in this figure, namely, curve for the desired output (in blue) and the curve 

for the trained output (in red). As stated earlier desired output we mean the class (number) given 

to an image by us (human) and the new term trained output corresponds to the class decided by 

the trained MLP network. It is clear in this figure that both curves are coinciding with each other 

for several images, which indicates correct classification of those test images. The total correct 

classification in this experimental setup is found to be 58 %.  

Figure 3-23 shows the cumulative computational time for 100 epochs which is approximately 4400 

sec. This computational time is a function of various parameters like number of inputs, number 

of neurons, and learning rate. Figure 3-24 depicts the probability of correct retrieval for each class. 

As evident from this figure, the average correct percentage recognition is 58%. 

 

Figure 3-20 Sum of Square Error Function against Each Epoch 
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Figure 3-21 Training Curve of MLP on COIL Dataset 

 

Figure 3-22 Testing Curve of MLP Using Coil Dataset 
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Figure 3-23 Cumulative Training Time 

 

 

Figure 3-24 Probability of Correct Detection 

In the experimental set-up of RBF and MLP comparison on COIL dataset for CBIR, all 

parameters, namely visual features, number of inputs, number of epochs, bias value, and learning 
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rate correspond to the same values which were used in MLP experiment. The results for RBF are 

shown in Figure 3-25 to Figure 3-29. Detailed description and analysis of each figure is given below. 

In Figure 3-26, x-axis represents indices of the images given to RBF for training and the y-axis 

represents the class of the image in which it is classified. There are two curves in this figure, 

namely, curve for the desired output (in red) and the curve for the predicted output (in blue). By 

desired output we mean the class (number) given to an image by us (human) and the predicted 

output is the class decided by the RBF. Now, we see in this figure that both the red and the blue 

curves are more or less coinciding with each other indicating that RBF has been well-trained. 

Similar result, i.e., RBF has been well-trained, is also observable in Figure 3-25. The x-axis in this 

graph bears the number of epochs and the y-axis represents SSE. Higher values on y-axis 

indicate higher error. RBF is supposed to be well-trained when the error is minimum. In this 

Figure after about 10 epochs, the curve flattens which shows that RBF has become well trained 

after about 10 epochs. 

The graph shown in Figure 3-29 depicts the cumulative computation time for training. The 

cumulative training time is about 185 sec which is significantly less then MLP case. The same 

response was observed with Wang’s dataset.  

The testing results of RBF based CBIR are exhibited in Figure 3-27. In this figure x-axis represents 

indices of testing images given to RBF (index range; 1-1440) and y-axis represents the class (1 to 

20) of the image in which it is desired to be classified. There are two curves in this figure, 

namely, curve for the desired output (in blue) and the curve for the trained output (in red). In this 
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figure both desired and the trained curves are coinciding with each other for several image 

indices, indicating correct classification of those test images.  

We define the cumulative correct percentage retrieval as the ratio (in percentage) between 

number of correct classified images and total number of instances (images) in a database. When 

calculated, the cumulative correct percentage retrieval is found to be approximately 65% for 

RBF and 58% for BP indicating that in this aspect too RBF performs better than BP for COIL 

dataset as well.  

The in-depth analysis of simulation results demands analysis of correct percentage recognition 

for each class too. Therefore, we have computed correct percentage recognition of each class 

which is the ratio (in percentage) between the number of correct images retrieved per class and 

total number of images in each respective class in the database. The graphical representation of 

these empirical facts is illustrated in Figure 3-28.  

Above simulation results portray a very comprehensive comparative understanding regarding 

RBF and MLP on COIL dataset. Instead of MLP, RBF can be recommended to be used for CBIR 

(not for SBIR). This is because RBF is not only computationally efficient, but also gives better 

correct percentage recognition as compared to BP. The same findings were observed with 

Wang’s dataset 

The probability of correct detection using GA, IGA, and SIM are illustrated in Figure 3-30. The 

figure depicts the same pattern as discussed in with Wang’s dataset. Figure 3-31 show the 

simulation results of in Lees’s work which reports the correct percentage recognition of 49%.  
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Figure 3-25 Sum of Square Error against Each Epoch 

 

Figure 3-26 Training Curve of RBF Network 
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Figure 3-27 Testing Curve of RBF Network 

 

Figure 3-28 Probability of Correct Detection 
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Figure 3-29 Cumulative Training Time of RBF Network 

 

Figure 3-30 Probability of Correct Detection Using SIM, GA, and IGA 
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Figure 3-31 Contribution of Lee 
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3.6 RESEARCH METHODOLOGY AND SYSTEM SET-UP 

 

The rationale of research methodology adopted, revolves around the claim that low level visual 

descriptors are insufficient to mimic image semantics. Hence, CBIR methods are deficient to 

retrieve semantically similar images. They perform well only for retrieving visually similar 

images.  In order to validate this inference we have performed a test set-up, as discussed in 

Section 3.2 to Section 3.4. We have also reported that though after modifications, performance 

improvement in terms of retrieving visually similar images has been achieved, but the 

improvement does not translate into the semantically correct image retrieval. This leads us 

towards the logical conclusion of planning and development of a novel SBIR framework. It is 

cognized in the key findings of SBIR literature that, researchers mainly adopt three major 

methodologies namely relevance feedback, object ontology, and range of a function annotation. 

While targeting the performance (precision and recall) of SBIR, relevance feedback and object 

ontology’s performance are reported to be constrained by low precision and recall and 

considerably complex metadata architecture, respectively. 

The central finding of literature review advocates in favor of AIA methodology for SBIR.  Still, 

the automatic annotation approach is too restrained by low precision because matrix based 

approaches are deficient to do well for semantics extraction. Specially, when an image contains 

various set of regions (concepts), for example, real life images. Though, AIA significantly 

reduces annotation effort and time, only a few domain specific keywords are insufficient to 

mimic complete image semantics. This prompted us to analyze image at a region (concept) level 

instead of image level.  
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This creates a rationale that a methodology needs to be invented that comprises of three cascaded 

modules namely, automatic concept annotation, semantic indexing, and retrieval. The first block 

should cop with a method to automatically annotate images at a region / concept level. These 

annotated concepts define image semantics in second block. Finally, retrieval block suppose to 

retrieve semantically similar images instead of visually similar images with an acceptable trade-

off between precision and recall. The set of specific methods used in the proposed methodology 

are mentioned in subsequent paragraph. 

The proposed methodology has been established on a blend of machine learning and semantic 

indexing methods. The proposed framework comprises of two stages. The beginning stage 

consists of a new topology of MANN for ACA. In the second stage, latent semantic indexing 

(LSI) and essential dimension LSI (ED-LSI) are used in an annotated region /concept for 

semantic retrieval. The suggested framework has been extensively tested by evaluating precision 

and recall for a large segmented dataset of IAPR TC-12 which comprises of 20,000 images. As a 

system tool we have used MATLAB for implementing the proposed methodology on real life 

data. The reason for using MATLAB is that, reading an image into computer results into a large 

dimension matrix and MATLAB is well recognized to handle the data in matrix form. As far as 

the simulation system configuration is concerned, we have used HP core i7 CPU@ 3.4 GHz with 

8GB of RAM.   
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3.7 CHAPTER SUMMARY 

Simulation results and analysis presented in this chapter furnishes a comprehensive performance 

evaluation of soft computing based CBIR approaches. We have shown that due to our proposed 

modifications in these approaches, improvement has been noted. However, the improvement is 

not substantial. Moreover, the analysis presented in this chapter also indicates the limitations of 

soft computing based CBIR approaches in three different aspects. First, these approaches do not 

translate into semantically correct retrieval of images.  This is mainly due to the fact that low 

level image descriptor cannot adequately exemplify image semantics. Technically, this is termed 

as SG. Second, the performance of these approaches is poor for datasets comprising multiple 

classes (image classes) or when the number of images per class is large. This is because; usually 

low level visual descriptor is in close proximity (Section 3.4.3). Third, substantial increase in 

computational time occurs for large datasets. The reason for this increment is very logical, i.e. 

these approaches use all image pixels for visual descriptor extraction and image retrieval. Thus, 

computational time is modeled as a function of the number of images in the dataset. These 

aspects create the rationale to look beyond image content. 
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Chapter 4  

A NOVEL TOPOLOGY OF MODULAR ANN FOR ACA 

 

In chapter 3, we have presented a rationale to look beyond image content based approaches for 

SBIR. In this chapter we describe the planning and development of a novel framework which can 

handle the limitations such as semantic retrieval, dataset volume, and computational time.  

Researchers have proposed four major approaches to resolve these issues, such as image 

database categorization, image annotation, relevance feedback, and object ontology. These 

approaches have collectively been named as SBIR. The operational details of these approaches 

were discussed in Section 2.2.The literature review reveals that SBIR approaches are deficient in 

giving better performance in terms of precision and recall (details are noted in Section 2.2).  

Another unhandled issue is the application of SBIR approaches on real life data. In has been 

observed in the literature review that most of the SBIR approaches are evaluated on simple 

images and images with less visual content (background-less images). Moreover, these datasets 

possess a small sample size. This makes performance of SBIR less reliable due to the controlled 

environment. However, real life images are the actual source of information for image retrieval. 

In Chapter 4 & 5, we propose a novel framework for SBIR and present its evaluation. We show 

that the performance of our proposed framework is satisfactory in terms of precision and recall 

which are the key parameters to indicate semantics based image retrieval. Ours is a hybrid 

automatic concept annotation and semantic indexing approach. We report on the 

performance (precision, recall, and computational time) of our proposed approach tested on a 

large and real life image dataset (20,000 real life images) to prove it (our framework) to be 

satisfactory.  
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4.1 INTRODUCTION 

The in-depth investigation of existing SBIR approaches presents an idea to bridge semantic gap 

by interpreting image at concept (object/region) level. Technically, it is called conceptual 

annotation. This comprises of two fundamental steps. First is the concept detection 

&identification, and second is the relevant textual tagging of identified concepts. Identification 

of concepts can be done by segmenting the image at the object level and extracting their visual 

descriptors. Concept tagging is the process of associating relevant text with the concepts. This 

process can be manual, semi-automated, or automated. It is obvious that though manual and 

semi-automated tagging is more realistic but on the other hand, it is time expensive and 

laborious. Further, it is also subjective to user perception which makes annotation inconsistent. 

Hence it is desirable to build ACA which yields superior performance (correct percentage 

recognition).Though extensive research work is available on automatic annotation of images 

(AIA), it has been observed that no previous work exists on automatically annotating image 

concepts. Therefore, the first objective is to establish a framework for ACA (details are 

discussed in Chapter 4) and then later use the annotated concepts for semantics based image 

retrieval (details are discussed in Chapter 5). 

The investigation of ACA begins with extracting low level visual descriptor of image concepts. 

But it has been observed that visual descriptors of real life image concepts are diffused in nature. 

In order to validate this observation a segmented and manually annotated benchmark dataset 

IAPR TC-12 has been used and it has been proved that visual descriptors of image concepts are 

close (details are mentioned in Section 4.3.2). This is a potential issue in implementing the 

framework for ACA because for such diffused dataset, conventional classifiers fail to deliver true 
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results. This motivated us to at first design a novel method to handle diffused nature image 

datasets. In this chapter, a novel topology of the Modular Artificial Neural Network (MANN) is 

presented which uses modified MLP algorithm (discussed in Section 3.2.1).  It is shown that this 

approach rectifies the problem faced in ACA. In this topology each module is trained for one 

object in one verse all fashion and highly ranked output is taken as classified output. 

4.2 PROPOSED MANN TOPOLOGY 

Our approach to solve the issue of identification and classification concepts is a logical one. 

Identification of a concept is defined as region/object detection in an image, and the 

classification of a concept is defined as segment regions of similar class. The proposed MANN 

topology is shown in Figure 4-1which comprises of n parallel ANN modules, where n represents 

the total number of concepts in data vocabulary. In our case we have proposed 255 parallel ANN 

modules because the dataset we used comprises of 255 concepts in its vocabulary. In proposing 

MANN topology each ANN module is trained for one concept (region/object) only. The reason 

for doing this is the inspiration from well-known one verses all philosophy [186]. 

The first phase of proposed MANN is the pre-processing of dataset which includes 

normalization of input FV and generating a binary stream as output for each corresponding input.  

The data preprocessing begins with normalizing input data in the range of -1 to +1. The reason 

for doing this is the use of the relevant activation function at the hidden layer of each ANN 

module.  
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The second phase of proposed MANN topology is the training of each ANN module. The 

training of each module begins with feed forward of input FV to hidden layer neuron (orange 

color circles in Figure 4-1) of each ANN module. This feed forward process generates actual 

output at output neuron (green color circles in Figure 4-1). The difference between the actual 

output (generated by each ANN module) and the desired output (output present in the dataset) 

corresponds to compute error using Equation 3-7. This error is then back propagated to hidden 

nodes to update weights and bias values using Equation 3-2. This iterative process strains the 

weights and bias values of each ANN. Because each ANN is working independently, the results 

of all ANNs is the set of non-diffused tuned weights. These weights can now be used to handle 

the queries to retrieve semantically correct images. 

The third phase is the testing. In testing phase, trained weights of each ANN module are 

combined with normalized test input feature vector using Equation 4-1.The weight that gives the 

maximum value among all will be considered as correct weight. Finally the index of correct 

weight corresponds to the index of concept in vocabulary. 
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Equation 4-1 

The motivation behind using the set of trained weights with FV of image concept is the ranking 

method. In ranking method output of each NN is generated by manipulating identical FV with 

corresponding ANN trained weight. The weight that gives the maximum output will be ranked 

first which is very logical. Each ANN and its corresponding trained weight point to an index of 
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image concept in vocabulary. The index of highly ranked ANN and corresponding weight is 

same as the index of concept in vocabulary. This is how index of highly ranked weight 

corresponds to the image concept in vocabulary. 

 

 

Figure 4-1 Proposed Topology in MANN for ACA 
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4.2.1 SIGNIFICANCE OF PROPOSED MANN TOPOLOGY 

It is clear from the literature that an extensive research has been carried out on AIA, however in 

the literature no noticeable work has been reported on ACA for SBIR. We have identified and 

validated the problem faced in ACA. Previously, no such work has been reported in literature 

that had enlightened the said issue.  

The nature of problem faced in ACA for real life images is the misclassification of image 

concept. This eventually causes inappropriate automatic annotation of image concepts. The 

author investigated the root causes of this problem and identified diffused nature of local visual 

descriptor of real life image concepts as a real culprit. By the term “diffuse nature” the author 

means that the input low level visual descriptor are in close proximity even for different output 

classes. In order to prove the diffused nature of local visual descriptor a segmented and manually 

annotated benchmark dataset IAPR TC-12 (20,000 real life images) has been used and it has 

been proved that visual descriptors of image concepts are inherently diffused in nature (details 

are mentioned in Section 4.4.2). This was a potential issue (identified by author) which 

constrained the performance of the framework for SBIR. Moreover, it has been validated in this 

dissertation that for such diffused dataset, conventional classifiers fail to deliver true results.  

This motivated us to design a novel method handling diffused nature image datasets using novel 

topology of the Modular Artificial Neural Network (MANN). The proposed approach for ACA 

furnished the net improvement of 50% in terms of correct concept annotation (details are in 

Section 4.3.2). Secondly automatically annotated concepts complement the SBIR using LSI and 

EDLSI approach (details are mentioned in Chapter 5).Though the concept of MANN is available 

in the literature, the scope of practiced approaches regarding MANN is limited in term of 
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architectural complexity and computational time. For example the approach proposed by G. 

Passos et. al [187] requires a separate ANN to update weights of two expert ANNs. Moreover, it 

requires a separate ANN for fusing the judgment of two expert ANNs. This makes the approach 

highly complex in computation. Similarly G. Corzo et. al., have proposed to apply an additional 

fusion block to classify the final output [188]. This fusion block requires additional intelligence 

and computational time which makes this approach relatively complex and computation 

intensive. Another study which was presented by A. Zorins et.al., presents three MANN 

topologies. First topology is proposed to split input for each ANN and a separate fusion ANN is 

proposed for decision fusion. Though this approach is computationally efficient, but the splitting 

of the input leads towards wrong classification and additional fusion block increases system 

complexity [189]. The second topology divides the task into subtasks which is not always 

possible in image retrieval because the image is a single document containing multiple concepts. 

The third topology is about hierarchical architecture which increases complexity, is difficult to 

train, and is computationally expensive. Unlike the above existing approaches, our proposed 

topology is very simple in terms of its architecture and requires a substantially less computation 

cost. This is due to the fact that each ANN module is trained for a single object. Moreover it does 

not require any additional fusion intelligence. 

Another highlight of our proposed approach is its application on image concepts instead of 

complete image. On the contrary topologies proposed for this purpose employ a modular ANN 

approach to classify complete images. By applying topology on image concepts instead of 

complete images, we achieve the objective of reducing the semantic gap in image retrieval 

because classifying the complete image usually does not dispense with the image semantics. 
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As far as the critical analysis is concerned, apparently, the proposed approach for ACA seems to 

be memory and computational cost hungry in the training phase. But the memory and 

computational cost constraint only affect training phase, which may be the onetime process. 

However, no significant memory and computational cost occurs in testing phase, which is 

certainly the most frequent process for image querying. Moreover, the trade-off between 

computational cost and correct classification percentage justify the significance of proposed 

approach. Empirical facts in the form of ratio for this claim are given in this section.  

Above simulation results show that indeed our proposed approach is significantly more efficient 

than the conventional ANN for correct concept recognition. However, it demands more 

computational time as compared to conventional ANN. The reason for more computational time 

is the use of multiple parallel ANNs (255 ANN, each ANN corresponds to a concept in 

vocabulary) in our approach. 

The computational time curves for both approaches are shown in Figure 4-5when simulations are 

done over dataset IAPR TC-12. In this experimental setup various ANN parameters such as 

number of epoch, learning rate, randomness of weight, MSE (see Equation 3-7) etc are kept 

identical for both approaches. Using identical parameters, for the performance evaluation of both 

the approaches can be justified. In this figure, x-axis represents the number of epochs (training 

iterations) and y-axis corresponds to computational cost in terms of time in seconds. This figure 

contains two curves, i.e., computational time curve for single ANN (blue curve) and the 

computational time curve for our proposed MANN (red curve).  The blue curve shows an 

approximate linearity with average amplitude of around 12.7 seconds. However, the average 

computation time of red curve is approximately 24 seconds. The ratio of computational time 
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between conventional ANN and our proposed approach is 12.7:24 or approximately 1:2. 

However; the ratio of their performance is 1:8 (section 4.3.2). These statistics indicate a trade off 

in favor of our proposed approach. 

4.3 SIMULATION RESULTS AND DISCUSSION 

We have evaluated the performance of our proposed topology on two difference image datasets. 

The first dataset, IAPR TC-12, comprises of 20,000 real life images which are pre-segmented 

and annotated. The second dataset, Wang’s dataset, comprises of 360 images. The rationale for 

using two datasets is a natural one, that is, the evaluation of the proposed approach on much 

diversified image datasets (one containing a very small number of images and the other having a 

large number of images).The concepts in above datasets are used to train each ANN module for 

concept identification. The detailed reviews of these two datasets are given in subsequent 

sections. 

4.3.1 STATISTICS OF IAPR TC-12 DATASET 

IAPR TC-12 is a publicly available image dataset. This dataset comprises of 20,000 real life 

images. The images are pre-segmented and annotated. The set of segmented images constitute 

99,555 concepts in total which are annotated with 255 keywords. Keywords in this dataset cover 

about 93% of total tourism vocabulary. On average each image contains 4.97 annotated concepts. 

These concepts cover about 15.61% of the image area. The 17 most frequent by used concepts 

with the name of the concept, its index number (in bracket), and its corresponding frequency is  

listed in Table 4-1. 
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Table 4-1 Most Frequent Labels/Concept from IAPR TC-12 Dataset 

S. No Concept Name 
(Concept Number) Frequency 

1.  Sky-blue (224) 5717 
2.  Man (160) 4341 
3.  Group-person (120) 4231 
4.  Ground (118) 3802 
5.  Grass (117) 3221 
6.  Cloud (60) 3106 
7.  Rock (204) 3085 
8.  Vegetation (258) 2772 
9.  Trees (251) 2638 
10.  Sky (223) 2644 
11.  Wall (264) 2595 
12.  Mountain (168) 2549 
13.  Woman (273) 2557 
14.  Ocean (174) 1830 
15.  Sky-light (225) 1800 
16.  Window (271) 1706 
17.  Building (31) 1514 

4.3.2 EVALUATION USING IAPR TC-12 DATASET 

The performance of proposed topology has been evaluated by implementing a prototype model 

on MATLAB. The performance evaluation begins with the identification of visual descriptor 

present in the dataset. The visual descriptor is represented as a feature vector. 

FV= [boundary/area, width and height of the concept, average and standard deviation in x and y, 

convexity, average, standard deviation and skewness in the RGB and CIE-Lab color spaces] 

Initially, we use given FV to train one ANN for identification and classification of concepts in an 

image. The results of this experiment were very disappointing as shown in Figure 4-3.In this figure 

x-axis represents the index of the class and y-axis corresponds to the correct percentage 
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recognition for each class. The tabular form of correct percentage recognition for each 

corresponding class using single ANN is shown in Table 4-2 (data for blue colored bars). 

Table 4-2 Correct Percentage Recognition of Each Concept 

S.No Concept Correct Percentage 
Recognition (%) 

1. Sky-blue 7 
2. Man 4 

3. Group-
person 3 

4. Ground 2 
5. Grass 3 
6. Cloud 0 
7. Rock 3 
8. Vegetation 2 
9. Trees 1 
10. Sky 1 
11. Wall 0 
12. Mountain 4 
13. Woman 0 
14. Ocean 8 
15. Sky-light 3 
16. Window 0 
17. Building 6 

 

The maximum correct percentage recognition against all classes is 7% and the average for all 

classes is computed to be approximately 4%. This level of correct percentage recognition is 

obviously useless for any meaningful image retrieval system. Through the analysis of the results 

we concluded that the closeness of feature vector values for different concepts may be the 

culprit. Hence we further investigated the issue and plotted average values of feature vectors of 

different concepts as shown in Figure 4-2.Where x-axis shows the index of FV attribute and y-axis 

corresponds to the average value of feature vectors. The graph indicates that values are very 

close to each other  specially value of FV’s attribute from 1 to 8 are very identical that is near to 

0. However for other attributes (9 to 15) the values are in the range of 50 to 150. The similar 

response is observed for other attributes as well, that is, various colored lines (average feature 
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vector values) are too close to each other. We term this phenomenon as the diffused nature of the 

dataset. The diffused nature of dataset is indeed causing a conventional ANN to fail in 

classifying the concepts. This limitation of ANN motivated us to devise new methods for ACA. 

In order to meet this demand we devised the above stated novel topology of modular ANN. The 

simulation results of proposed topology on the same dataset are shown in Figure 4-3. This figure 

shows the correct percentage recognition against each class using the proposed approach (red 

colour bars). It is reflected from the graph that proposed MANN topology gives a significant 

increment as compared to ANN in terms of correct percentage recognition. The numerical facts 

for red colour bars of Figure 4-3 are listed in Table 4-3. 

Table 4-3 Correct Percentage Recognition of Concepts 

S. No Concept Correct Percentage 
Recognition (%) 

1. Sky-blue 83 
2. Man 67 
3. Group-person 74 
4. Ground 70 
5. Grass 68 
6. Cloud 58 
7. Rock 49 
8. Vegetation 57 
9. Trees 43 
10. Sky 52 
11. Wall 48 
12. Mountain 64 
13. Woman 28 
14. Ocean 69 
15. Sky-light 74 
16. Window 50 
17. Building 26 

 

 

The numerical facts are clear evidence in favor of our proposed topology which gives an average 

correct percentage of 57% (net improvement of 50%). The ratio of the correct percentage 
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recognition between conventional ANN and our proposed MANN is 1:8. This improvement is 

considered to be a substantial improvement for ACA. 

 

Figure 4-2 Mean of Concept’s Feature Vector (IAPR TC-12 Dataset) 
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Figure 4-3 Percentage Retrieval of Each Class (IAPR TC-12 Dataset) 

4.3.3 STATISTICS OF WANG’S DATASET 

In Wang’s dataset we have total four classes of objects, i.e., bus, flower, horse, and landscape 

(class 0,1,2, and 3) each with 90 training samples. Naturally due to less number of images we 

have less level of diffusion in Wang’s dataset. 

4.3.4 EVALUATION USING WANG’S DATASET 

In order to evaluate our proposed approach we establish an identical experimental setup as given 

in Section 4.2.2 (data pre-processing, MANN topology etc.). Here we first extract the low level 

visual descriptor of each concept and structure it as a FV, using Equation 4-2. 
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 .EFV bgrbgr   

Equation 4-2 

Where µ are the mean and standard deviation of red, green and blue layer and E is the entropy of 

the image. 

Each concept in an image is represented by a feature vector. The set of all FVs is structured in a 

FV table in which row represents the concept and column corresponds to the properties of visual 

descriptors. Similar to the previous experimental setup we first apply pre-processed dataset to a 

single conventional ANN. The consequences of this action are depicted in Figure 4-4 (blue color 

bars). This figure shows that for class 0, 1, 2 and 3 the correct percentage recognition is about 

30%, 40%, 80%, and 60% respectively. During the second run we use the same preprocessed 

dataset to our proposed approach and the results were as expected. Figure 3-29 shows the pictorial 

results of the second run (red color bars). In this figure correct percentage recognition is recorded 

to be 80%, 50%, 100%, and 82% for class 0, 1, 2, and 3 respectively. The average correct 

percentage recognition for a single ANN is calculated to be 62%, however, our proposed 

approach gives 92% (net improvement of approximately 30%). The reason for this marginal 

improvement is due to small volume of samples in this dataset. 
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Figure 4-4 Percentage Retrieval of Each Class (Wang’s Dataset) 

4.3.5 COMPARISON BASED ON COMPUTATIONAL COST 

Above simulation results show that indeed our proposed approach is significantly more efficient 

than the conventional ANN for correct concept recognition. However, it demands more 

computational time as compared to conventional ANN. The reason for more computational time 

is the use of multiple parallel ANNs in our approach. 

The computational time curves for both approaches are shown in Figure 4-5 when simulations are 

done over dataset IAPR TC-12. In this figure, x-axis represents the number of epochs (training 

iterations) and y-axis corresponds to computational cost in terms of time in seconds. This figure 

contains two curves, i.e., computational time curve for single ANN (blue curve) and the 

computational time curve for our proposed MANN (red curve). The blue curve shows an 

approximate linearity with average amplitude of around 12.7 seconds. However, the average 
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computation time of red curve is approximately 24 seconds. The ratio of computational time 

between conventional ANN and our proposed approach is 12.7:24 or approximately 1:2. 

However; the ratio of their performance is 1:8 (Section 4.3.2). These statistics indicate a trade off 

in favor of our proposed approach.  

Similarly, the computational time for Wang’s dataset is depicted in Figure 4-6. In this figure red 

and blue curves show the computational time of ANN and our proposed topology of MANN, 

respectively. This figure depicts a very marginal average cost difference (approximately of 0.2 

seconds) between ANN and our proposed topology of MANN. These results demonstrate that 

difference between computational costs is marginal as compared to the significant difference 

between correct percentage retrieval in favor of our approach. 

 

Figure 4-5 Computation Time for Each Epoch (IAPR TC-12 Dataset) 
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Figure 4-6 Computation Time for Each Epoch (Wang’s Dataset) 

4.4 CHAPTER SUMMARY 

This chapter introduces performance evaluation of our proposed novel topology of MANN for 

ACA. The concepts (regions) for real life images are diffused in nature (Section 4.3.2). 

Consequently, the conventional ANN falls short of classifying image concepts. However, the 

above simulation results and discussion advocates in favor of our proposed approach against 

conventional ANN for correct percentage recognition of image concepts with 57% improvement 

at the cost of marginally more computational time. Hence, our proposed approach can identify 

and automatically annotate image concepts. This can be done by training each concept with a 

separate concept using one verse all strategy. The structure of our proposed topology primarily 

comprises of various parallel ANNs where each ANN is trained for one concept. The proposed 

approach proves to be highly suitable for ACA even for a diffused natured dataset.  
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Chapter 5  

A NEW FRAMEWORK FOR SBIR 

 

The successful execution of ACA and its encouraging results motivated us to design a one box 

solution for SBIR. Though, in literature various SBIR approaches have been discussed (primarily 

based on image annotation, relevance feedback, and object ontology), these techniques are 

deficient in delivering accurate results in terms of relevance of semantics.  

For instance, in image annotation, an image is tagged with a textual keyword either manually, 

or semi-automatically, or automatically. This approach is considered deficient because of three 

reasons. First, only a few keywords are inadequate to represent a large number of image 

semantics. Second, image tagging needs separate metadata management which demands extra 

storage as well. Third, image tagging becomes highly biased due to domain vocabulary. These 

three issues constitute to a problem of high recall and low precision, as discussed in Section 2.2. 

 In relevance feedback approach, first a query image is put forward for retrieval and afterwards, 

the system retrieves sets of images that are visually similar to the query image. User provides 

relevance feedback on the retrieved result in the form of positive and negative feedback to 

modify query for optimal retrieval.  

Positive feedback corresponds to the image closer to the desired image and negative feedback 

represents image that is semantically far from the desired image. Iteratively, the algorithm 

continues by using the information obtained from the features of the current query and factors in 

the given feedback information to adjust or guide the query tract to adapt to the user's perception. 
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In this approach, image semantics may be tailored due to inappropriate feedback. Moreover, it is 

the iterative nature of the approach that makes it computationally complex. Though this approach 

gives semantically similar results, it too suffers from the issue of high recall and low precision. 

The main reason behind it is the intensive human intervention which may tailor the image 

semantics. 

The term object ontology in image retrieval refers to the description of image concepts with 

regard to their relationships. It is a method that determines semantics of an image document. 

Specifically, it is a machine interpretable knowledge model that comprises of concepts, classes, 

relations, axioms, and rules. Concepts, classes, relation, axioms and rules are generally in 

domain vocabulary. In other words, concept ontology is metadata about the image and its 

concepts that provide strong semantics by providing a controlled vocabulary of concepts. Object 

ontology is a considerably good approach but its metadata architecture appears to be much more 

complex and occupy large memory. Moreover, this approach is reported to have low precision 

for conceptually diverse images. 

After the detailed investigation of above three approaches we have proposed a novel framework 

that can handle the common issues of low precision and recall. Moreover, we have also targeted 

the computational cost optimization issue.  This claim of performance enhancement has been 

evaluated on a large volume dataset which comprises of real life images instead of controlled 

environment images (background less and single object images).  
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The proposed framework is based on a blend of machine learning and semantic indexing tools. 

The framework comprises of two phases. In the first phase, a novel topology of MANN for ACA 

is used as discussed in Chapter 4. In the second phase, latent semantic indexing (LSI) and 

essential dimension LSI (ED-LSI) are employed on an annotated region / concept for semantic 

retrieval. The proposed system is extensively examined by evaluating precision and recall for a 

large segmented dataset of IAPR TC-12 which comprises of 20,000 images.  

5.1 PROPOSED FRAMEWORK 

Similar to any other image retrieval approach, the proposed framework also comprises of three 

basic blocks namely, input block, process block, and output block. The functional block diagram 

of proposed framework is given in Figure 5-2. The input is primarily a query image and the output 

is to be a set of images which are semantically similar to the query image. Our main concern is 

the process block which further comprises of two phases. In phase-I, we take a segmented query 

image as input and by using a trained MANN we annotate the concepts of query image. The 

training of MANN for ACA is discussed in Chapter 4.  

 

Subsequent to identification and classification of image concepts using our proposed trained 

MANN topology, is the semantic analysis of image concepts. Phase-II of our proposed 

framework does that task. It is obvious that because of keyword dependency, conventional 

matrix based methods are deficient to provide semantically relevant results. The same concern 

was encountered in text retrieval and it was resolved by applying Latent Semantic Indexing (LSI) 

technique. This motivated us to apply LSI and ED-LSI (Essential Dimension LSI) for semantic 
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extraction from visual concept(s). To the best of our knowledge no one has applied LSI or its 

variants on image concepts for semantic based image retrieval. 

 

Conventionally for semantic based text retrieval the implementation of LSI is in three phases. At 

first a term-document matrix (TDM) A is created in which row represents the terms (keywords) 

and column corresponds to text document. Second step is to compute Singular Value 

Decomposition (SVD) to decompose TDM in three matrices: U, S and V. U is the orthonormal 

eigenvectors of AAT, V is the orthonormal eigenvectors of ATA, and S is a diagonal matrix 

containing the square roots of Eigen values from U or V in descending order. Finally (third), U 

and S are shared with the query vector to calculate semantic similarity between query and 

database documents. The results are then ranked according to the semantic similarity. 

In our proposed framework we apply LSI and ED-LSI (variant of LSI) on image concepts for 

semantic retrieval. Therefore, instead of TDM (term-document matrix) we construct CDM 

(concept-document matrix). CDM is similar to TDM (in text retrieval) but it is a matrix of 

concepts instead of text terms. Let A denotes CDM whose dimensions are m×n. Where ‘m’ 

shows the number of concepts and ‘n’ corresponds to the number of images in the database. The 

(i, j)th element of CDM represents the frequency of ith concept  in the jth image of database. The 

matrix A is often sparse; because each image usually does not contain all concepts. In the second 

step SVD of CDM gives U, S and V vector similar to text retrieval. Afterwards a query vector q 

is combined with U and S to generate vector qc as shown in Equation 5-1which helps in computing 

semantic similarity (Si) between query and retrieved document as shown in Equation 5-2. The 

images are then ranked according to the semantic similarity. 
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The simulation results of LSI implementation presented in the subsequent section give a picture 

that LSI is computationally and memory-wise expensive approach, specifically for large datasets 

used in this experimental setup. Moreover, due to the inherent sparse nature of CDM it is even 

more deficient in performance (all concepts are usually not found in one image). Due to this fact 

S is not a complete diagonal vector. However, diagonal length of S (denoted by K) plays an 

important role in precision, recall, memory usage, and computation time.  

 

Therefore, we propose to use essential dimension LSI (ED-LSI) where the diagonal length of S is 

kept to optimal value (optimal value of K) [19] as shown in Figure 5-1. In ED-LSI all steps are 

same as LSI but the value of K is chosen in such a way to obtain an acceptable relation between 

precision and recall which further corresponds to the optimal computational cost.  



124 

 

 

Figure 5-1  Truncated Term Document Matrix 

 

Our proposed framework is considered as novel in four different aspects. First it can be applied 

to any diffused natured dataset. This is due to the fact that our proposed MANN topology can 

handle diffused dataset for ACA. Second, usually LSI and its variants are employed for 

dimensional reduction. However, we have employed LSI and ED-LSI for semantic retrieval 

using image concepts. The reason for doing this is a logical natural one, that is, a classical matrix 

based approach cannot adequately mimic image semantics but LSI and ED-LSI use image 

concepts to determine the image semantics. Third, effect of dimension reduction in LSI has not 

been discussed on precision and recall for image concepts. We have investigated the effect of 

dimension reduction on precision, recall, and computational time on image concepts. Finally 

(fourth), it has been observed in the literature that most of SBIR approaches are evaluated on 

simple image having less content (background less images). Moreover, these datasets possess a 

small sample size. This limits the performance of SBIR to the controlled environment. However, 

real life images are the actual source of information for image retrieval. 
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Figure 5-2 Layout of Proposed Framework 

 

5.2 EVALUATION OF PROPOSED FRAMEWORK 

In order to evaluate our proposed approach, and verify its effectiveness, we have performed 

simulations in MATLAB. The dataset that we have used is IAPR TC-12 (see details in Section 

4.3.1). As stated earlier, our proposed approach comprises of two phases in series, namely, 

MANN (our proposed topology), and Semantic Indexing. These two phases are designated for 

ACA and LSA, respectively. The performance evaluation of proposed MANN topology for ACA 

has already been discussed and justified in Chapter 4. In this section we present the simulation 

results and description of our proposed semantic indexing approach. This approach uses image 

concepts as input (extracted from MANN block) for ranking the images in the databases based 
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on their semantics. The higher the semantic rank of an image, the closer it is to the query image 

in terms of its semantics. It is known in the literature that performance of any retrieval system is 

a function of precision, recall, and Rate of Ascent (ROA). Therefore, we too evaluate our 

proposed framework of SBIR in terms of its effects on the precision, recall, and ROA. The 

results are recorded keeping the similarity threshold and the relevancy threshold both at 40% as 

mentioned in Equation 5-3 and Equation 5-4. In the first run we apply LSI on image concepts for 

semantic retrieval and the results are summarized in Table 1. This table contains 5 parameters 

with corresponding values namely, diagonal length K, precision, recall, computational time, and 

ROA respectively. We can see in the column for “Precision” that the average precision is about 

78%. However, the recall is 1.22% (column “Recall”) and ROA is 0.048 (column “ROA”) which 

is quite low.  

 

We have identified that the cause of low recall and ROA is mainly due to the sparse nature of 

CDM. Moreover, it is extremely improbable that all query terms are presented in one document. 

This result opens the door to investigate the need of modification in LSI for optimal precision 

and recall. A parameter K has been identified as a tuning variable for this purpose [190].Where 

K is the diagonal length of vector S. 
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Equation 5-4 

Where: 

tp=True positive 

fp=False positive 

fn=false negative 

 

True positive=  (image similarity > similarity threshold and image relevance > relevance threshold) 

False positive= (image similarity > similarity threshold and image relevance < relevance threshold) 

False negative=  (image similarity< similarity threshold and image relevance =zero 

True negative=  (image relevance <zero) 

Table 5-1 Precision, Recall, Time, and ROA for Full Length of LSI 

K Precision 
(%) 

Recall 
(%) 

Time 
(sec) 

ROA 
(%) 

Full 78 1.224857 100.136 0.048 

 

Tuning of performance (precision, recall, and ROA) is done by varying the value of K and 

looking for the maximum value of ROA. At the maximum value of ROA, the value of Kis 

considered being optimal and which in turn points towards the best match values of precision 

and recall. Technically, LSI with variation in K is termed as ED-LSI (details are in Section 5.2). 

Simulation results of ED-LSI (Figure 5-3and Figure 5-4) are recorded with the same similarity and 

relevance threshold as discussed in LSI (first run). In Figure 5-3, x–axis represents the length of K 
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and y-axis corresponds to the percentage of precision and recall. This figure contains two curves 

namely precision (red colour curve) and recall (blue colour curve). The graph in Figure 5-3 shows 

that precision is directly proportional to K, however, recall is inversely proportional to it. In this 

figure for small values of K (e.g., less than 5) recall is substantially higher than precision. On the 

other hand for large value of K (e.g., greater than 250) recall is minimum with maximum 

precision. This motivates us to find the optimal value of K which corresponds to the best match 

values of precision and recall.  

 

Figure 5-3 Precession and Recall for Each Value of K 

To identify the optimal value of K for ED-LSI, we use ROA. It is the measure that quantifies the 

performance of an algorithm. Figure 5-4 shows ROA for a particular query. The optimal value of 

K is the one for which ROA is maximum. In Figure 5-4, x-axis represents length of K and y-axis 

corresponds to the ROA. We can observe from Figure 5-4 that for this particular query ROA is 
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maximum (approximately 85%) when K=15. This is the logical behavior which can be observed 

in Figure 5-3, that is, the precision and recall intersect each other at K=15. The above statistics 

(K=15) indicate that for this value of K, values of precision and recall are best matched which in 

turn indicates that for K=15 we will get semantically correct matched images from the database. 

We have thus shown that our mechanism can be generalized for all queries (finding optimal 

value of K for each query) and should retrieve semantically correct images for all queries. 

 

Figure 5-4 Rate of Accent for Each Value of K 

5.3 VALIDATION OF PROPOSED FRAMEWORK AT APPLICATION LAYER 

Above simulation results and their analysis prove that the proposed approach is not only efficient 

but is effective in terms of SBIR. This is because an optimal value of K can be determined to 

deliver a desired precision and recall without modifying the query image. 
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However, to validate our hypothesis that if our proposed framework/mechanism perform better 

at lower layer (precision and recall), it would produce desired results at application layer as well 

(retrieve semantically correct images), we perform the following experimentation. We give a 

variety of query images to an image retrieval engine based on our proposed framework and give 

the same query images to the well known search engine of Google. 

 

The results validate our hypothesis, i.e., indicating unsatisfactory results by Google due to the 

semantic gap issue. In the first run, we used the query image with multiple objects and having 

sky and mountains in the background. The query image and the resultant retrieved images are 

shown in Figure 5-5. We can observe from this figure that only about 25% of the retrieved images 

are semantically relevant (more or less). We understand that the results may vary from query 

image to query image. In the second run we just removed background and to our amusement, the 

retrieved images are not relevant at all. The query image and the resultant retrieved images are 

shown in Figure 5-6. None of the retrieved images have the objects of the query image (group of 

people, bicycles). The reason behind this is that Google like other search engines use visual 

descriptor (color, shape and texture features) to decide the semantics of the query image. 
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Figure 5-5 Image Retrieval for Images with Multiple Concepts/Objects 

 

 

 

Figure 5-6 Image Retrieval for Images with Multiple Concepts/Objects (Background Removed) 
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Hence we have shown that at application layer our proposed framework responds far better than 

Google. This is due to the fact that instead of using visual features for visually similar images we 

have used image concepts to retrieve semantically similar images.  The pictorial representation 

of our result for the same query (same as Google) is depicted in Figure 5-7. In this figure the 

retrieved images comprise of three or more concepts similar to query image. Hence, it is clear 

that the search engine based on our proposed framework retrieves semantically relevant images, 

which validates our framework at the application layer as well. 

 

 

 

Query Image 

1 2 3 4 

5 6 7 8 

9 10 11 12 

Semantically Similar Images                             << Page 1 of 3 >> 

Concept set={Bi-cycle, Human, Group of persons, Mountain, Land, Girl, Man, Rock, 
Sky} 

Browse 

 

Figure 5-7 Graphical User Interface of Proposed Framework 
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Figure 5-8 Computational Cost against Each Value of K 

The Figure 5-8illustrates the computation cost against each value of K. In this graph x axis 

represent value for K and y-axis represent time computation cost in sec. This graph shown that 

the nature of computation time is increasing till K=50 and afterwards it remains almost in a close 

proximity. This result complements the finding in Figure 5-3 where precision meets with recall 

and give the optimal trade off. It is also concluded from the result that optimal computational 

cost occurs at optimal trade-off between precision and recall which is approx 81 sec.  

5.4 CHAPTER SUMMARY 
 

This chapter introduces a novel framework to bridge the semantic gap which complements the 

SBIR. Our proposed framework comprises of two integrated modules, i.e., ACA and semantic 

indexing. The proposed MANN topology is used for ACA even for a much diffused natured 

dataset. Moreover, a semantic indexing module based on LSI and EDLSI is also proposed for 

semantic retrieval. Our proposed approach has been evaluated on IAPR TC-12 dataset which 
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contains large number of images (20,000) with each image having multiple concepts which is a 

real life scenario.  

 

This one box framework takes segmented image as input. First it automatically annotates image 

concepts/regions and secondly retrieves semantically similar images (semantic similar to query) 

from an image database. Simulation results show that this framework approach can work even 

for a much diffused natured dataset. As future work, different machine learning tools can be used 

for more efficient conceptual annotation and optimization of K in ED-LSI which in turn can be 

used to optimize precision and recall. 
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Chapter 6  

CONCLUSION 

This dissertation is about the semantics based image retrieval framework. The contribution of 

this dissertation is twofold. First is the performance evaluation of Soft-Computing techniques 

for image comparison & retrieval.  This is due to the fact that from the literature it is not fully 

clear how these techniques would perform on image comparison and retrieval. Hence, we have 

done performance evaluation of these techniques to see if modification in one or more of these 

methods would serve our purpose of semantically correct image retrieval. In this dissertation we 

report on performance of these techniques and their modified versions (by us).We also report 

that though after modifications, performance improvement in terms of CBIR has been achieved 

but the improvement does not translate into semantically correct retrieval of images. This leads 

us to the logical conclusion of planning and development of a novel SBIR framework which also 

includes a novel modular ANN based topology. Second, we have proposed a novel framework to 

bridge the SG which complements the SBIR. Our proposed framework comprises of two 

integrated modules, i.e., ACA and semantic indexing. The proposed MANN topology is used for 

ACA even for a much diffused nature dataset. Moreover, a semantic indexing module based on 

LSI and EDLSI is also proposed for semantic retrieval. Our proposed approach has been 

evaluated on IAPR TC-12 dataset. This one box framework takes segmented image as input. At 

first it automatically annotates image concepts/regions and secondly retrieves semantically 

similar images (semantic similar to query) from an image database. Simulation results show that 

this framework approach can work even for much diffused natured datasets. 
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Chapter 7  

OPEN AREAS AND FUTURE WORK 

This chapter highlights the potential open area and future work for continuation of our proposed 

work.  Moreover we have also highlights the potential application areas were this work can play 

a significant role at application layer.After an intensive investigation and evaluation of our 

proposed work, following potential open areas have been identified, this can complement the 

performance of semantic based image retrieval.  

1. Efficient visual descriptor needs to be identified for concept training. 

2. A comparative study of different variants of machine learning methods can be 

investigated for automatic concept annotation.  

3. A comparative study of different semantic indexing methods can be examined for 

performance evaluation of semantic retrieval. 

4. In semantic indexing methods the parameter K can be auto-optimized for fast and 

efficient SBIR. 

5. A set of evolutionary algorithms can be tested for optimizing parameter K.  

The first open area that needs research attention is to put an effort to create a benchmark of low 

level visual descriptor or set some criteria for visual feature identification for a particular 

application. This will certainly reduces the concept identification cost. Because we have proved 

that diffuse nature dataset requires extra effort to handle while used for ACA. The second open 

area is the investigation of performance evaluation of different variants of machine learning tools 

for ACA. This may gives a better correct percentage recognition which certainly complements 

the semantic gap reduction. The third area that need research attention is the investigation of 
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performance evaluation of different variants of semantic indexing methodology for creating 

image semantics. This may gives a better trade-off between precision and recall which certainly 

complement the semantic gap reduction objective. One of the major contribution could be to 

devise a method to optimization K for real time query this will not only give a better trade-off 

between precision and recall but it will also significantly reduce the retrieval time.     

  



138 

 

References 

[1] Arnold WM Smeulders, Marcel Worring, Simone Santini, Amarnath Gupta, and Ramesh Jain, "Content-
based image retrieval at the end of the early years," IEEE Transactions on Pattern Analysis and Machine 
Intelligence, vol. 22, no. 12, pp. 1349-1380, 2000.  

[2] A. Goodrum “Image information retrieval: An overview of current research,” Journal of Informing Science, 
vol. 3, no. 2, pp. 63-66 , 2000. 

[3] R. Datta, D. Joshi, J. Li, and J. Z. Wang. “Image retrieval: Ideas, influences, and trends of the new age,” 
ACM Computing Surveys, 40(2):1–60, 2008. 

[4] Y. Liu, D. Zhang, G. Lu, and W. Ma. “A survey of content-based image retrieval with high-level 
semantics”. Pattern Recognition, 40(1):262–282, 2007. 

[5] M. S. Lew, N. Sebe, C. Djeraba, and R. Jain. “Content-based multimedia information retrieval: State of the 
art and challenges”. ACM Transactions on Multimedia Computing, Communications, and Applications, 
2(1):1–19, 2006.  

[6] Y. Rui, T. Huang, and S. Chang. “Image retrieval: current techniques, promising directions and open 
issues”. Journal of Visual Communication and Image Representation, 10(4):39–62, april 1999. 

[7] Sparck Jones, K.; Willett, P. “Readings in Information Retrieval”, Morgan Kaufmann, 1997. 
[8] Porkaew, K.; Mehrotra, S.; Ortega, M. "Query Reformulation for Content-based Multimedia Retrieval in 

MARS", Proceedings of the IEEE International Conference on Multimedia Computing and Systems,1999. 
[9] A. Rosenfeld. “Picture processing by computer.” ACM Computing Surveys, 1(3):147‐176, 1969. 
[10] H. Tamura and S. Mori. “A data management system for manipulating large images.” In Proceedings of  

Workshop on Picture DataDescription and Management, pages 45‐54, Chicago, Illinois, USA, April 1977. 
[11] A. W. M. Smeulders, M. Worring, S. Santini, A. Gupta, and R. Jain, "Content-based image retrieval at the   
 end of the early years" IEEE Trans. Patt. Analysis Mach. Intell., vol. 22, no. 12, 2000. 
[12] A. D. Bimbo, Visual Information Retrieval, Morgan Kaufmann, 1999. 
[13] C. Chen, G. Gagaudakis, and P. Rosin, "Similarity-based image browsing," III IEEE International    
 Conference on Information Visualisation, 2000. 
[14] R. Datta, D. Joshi, J. Li, and J. Z. Wang, "Image retrieval: Ideas, influences, and trends of the new age," in 
 Penn State University Technical Report CSE 06-009, 2006. 
[15] W. Niblack, R. Barber, W. Equitz, M. Flickner, and al., "The qbic project: Querying images by content 

using color, texture, and shape," Proc. SPIE (Storage and Retrieval for Image and Video Databases), vol. 
1908, pp. 173-187, 1993. 

[16] J. R. Bach, C. Fuller, A. Gupta, A. Hampapur, B. Horowitz, R. Humphrey, R. C. Jain, and C.-F. Shu, "Vi 
rage image search engine: an open framework for image management," Proceedings of SPIE, vol. 2670, no. 
76, 1996. 

[17] Seaborn, Image Retrieval Systems, M.A., 1997.  
[18] S. Marchand-Maillet and The Viper Team, "Viper," http://viper.unige.ch/team/index.html. 
[19] R. N. Cabral, "imgseek," http://www.imgseek.net/. 
[20] Q. Iqbal and J. K. Aggarwal, "Cires: A system for content-based retrieval in digital image libraries," in Int. 

Conference on Control, Automation, Robotics and Vision, 2002, pp. 205-210, CIRES CBIR System at 
http://amazon.ece.utexas.edu/ qasim/research.htm. 

[21] Y. Rui, T. Huang, and S. Chang, "Image retrieval: current techniques, promising directions and open 
issues," Journal of Visual Communication and Image Representation, vol. 10, no. 4, 1999. 

[22] J. S. Hare, P. H. Lewis, P. G. B. Enser, and C. J. Sandom, "Mind the gap: Another look at the problem of 
the semantic gap in image retrieval," in Proceedings of SPIE Multimedia Content Analysis, Management 
and Retrieval 2006, 2006. 

[23] S. Hare, P. A. S. Sinclair, P. H. Lewis, K. Martinez, P. G. B. Enser, and C. J. Sandom, "Bridging the 
semantic gap in multimedia information retrieval: Top-down and bottom-up approaches," in Proceedings of 
Mastering the Gap: From Information Extraction to Semantic Representation / 3rd European Semantic Web 
Conference, 2006.  

[24] S. Sclaroff, M. Cascia, and S. Sethi, "Unifying textual and visual cues for content-based image retrieval on 
the world wide web," Computer Vision and Image Understanding, vol. 75, no. 1/2, pp. 86-98, 1999. 



139 

 

[25] X. S. Zhou and T. S. Huang, "Unifying keywords and visual contents in image retrieval," IEEE 
Multimedia, vol. 9, no. 2, pp. 23-33, 2002. 

[26] K. Barnard, P. Duygulu, D. Forsyth, N. de Freitas, D. Blei, and M. Jordan, "Matching words and pictures," 
Journal of Machine Learning Research, vol. 3, pp. 1107--1135, 2003. 

[27] P. Duygulu, K. Barnard, J. de Freitas, and D. Forsyth, "Object recognition as machine translation: Learning 
a lexicon for a fixed image vocabulary," in Seventh International Conference on Computer Vision (ECCV) 
, 2002, pp.97-112. 

[28] J. Jeon, V. Lavrenko, and R. Manmatha, "Automatic image annotation and retrieval using cross-media 
relevance models," in ACM SIGIR, 2003. 

[29] H Frigui and J Caudill, "Building a multi-modal thesaurus from annotated images," in Proc. of the 18th Int. 
Conf. on Pattern Recognition (ICPR '06), 2006, vol. 4. 

[30] A. Hanbury. “A survey of methods for image annotation”. Journal of Visual Languages and Computing, 
19(5):617–627, 2008. 

[31] R. Datta, D. Joshi, J. Li, and J. Z. Wang. “Image retrieval: Ideas, influences, and trends of the new age”. 
ACM Computing Surveys, 40(2):1–60, 2008. 

[32] H. J. Escalante, J. A. Gonz´alez, C. A. Hern´andez, A. L´opez, M. Montes, E. Morales, L. E. Sucar, and L. 
Villase˜nor.” Annotation-based expansion and late fusion of mixed methods for multimedia image 
retrieval”. Volume 5706 of LNCS, pages 669–676. Springer, 2008. 

[33] H. J. Escalante, C. Hern´andez, A. L´opez, H. Mar´ın, M. Montes, E. Morales, E. Sucar, and Luis Villase 
˜nor. “Towards annotation-based query and document expansion for image retrieval”. Volume 5152 of 
LNCS, pages 546–553. Springer, 2007. 

[34] J. Cardosa. The syntactic and the semantic web. In J. Cardoso, editor, “Semantic Web Services: Theory, 
Tools and Application”s, pages 1{23. Information science reference, 2007. 

[35] Lanzarotti, R.; Campadelli, P.; Borghese, N. “Automatic Features Detection for Overlapping Face Images 
on their 3D Range Models”, Proceeding of the 11th International Conference on Image Analysis and 
Processing, 2001. 

[36] Mojsilovic, A.; Gomes, J. “Semantic Based Categorization, Browsing And Retrieval in Medical Image 
Databases”, Proceeding of the International Conference on Image Processing, 2002, 145, 148. 

[37] Abidi, B.; Mitckes, M.; Abidi, M.;Liang, J. “Grayscale Enhancement Techniques for X-ray Images of 
Carry-on Luggage”, Proceeding of the 6th International Conference on Quality Control by Artificial 
Visaion, Vol. 5132, 2003, 579-591. 

[38] Castelli, V.; Bergman, L. Image Databases: Search and Retrieval of Digital Imaginary, “Color for Image 
Retrieval” by Smith J., Wiley, 2002, 285-311. 

[39] Koutaki, G.; Uchimura, K. “Automatic Road Extraction Based on Cross Detection in Suburb”, The 
International Society for Optical Engineering Conference, 2003. 

[40] Castelli, V.; Bergman, L. Image Databases: Search and Retrieval of Digital Imaginary, “Shape 
Representation for Image Retrieval” by Kimia B., Wiley, 2002, 345-358. 

[41] Hanifer, J.; Sawhney, H.; Equitz, W.; Flinker, M.; Niblack, W. “Efficient Color Histogram Indexing for 
Quadratic From Distance”, IEEE Transactions on Pattern Analysis and Machine Intelligence, Vol. 17(7), 
1995, 729-736. 

[42] Wang, J.; Li, J.; Wiederhold, G. “SIMPLIcity: Semantics-Sensitive Integrated Matching for Picture 
Libraries,” IEEE Transactions on Pattern Analysis and Machine Intelligence, Vol. 23(9), 2001, 947-963. 

[43] Carson, C.; Thomas, M.; Belongie, S.; Hellerstein, J.; Malik, J. “Blobworld: A System for Region-Based 
Image Indexing Retrieval”, Proceeding of the 3rd International Conference on Visual Information Systems, 
1999, 509-516. 

[44] Smith, J.; Chang, S-F. “VisualSEEK: A Fully Automated Content-Based Image Query System”, 
Proceedings of the 4th ACM International Multimedia Conference, 1996. 

[45] Porkaew, K.; Mehrotra, S.; Ortega, M. "Query Reformulation for Content-based Multimedia Retrieval in 
MARS", Proceedings of the IEEE International Conference on Multimedia Computing and Systems,1999. 

[46] Rui, Y.; Huang, T.; Mehrotra, S. “Content-based Image Retrieval with Relevance Feedback in MARS”, 
Proceeding of IEEE International Conference on Image Processing, 1997. 

[47] Ledwich, Luke, and Stefan Williams. "Reduced SIFT features for image retrieval and indoor localisation." 
In Australian conference on robotics and automation, vol. 322. 2004. 

[48] Zhou, Xiao, et al. "Efficient quantization of color sifts for image classification." Image Processing (ICIP), 
2011 18th IEEE International Conference on. IEEE, 2011. 



140 

 

[49] Lai, Chih-Chin, and Ying-Chuan Chen. "Color image retrieval based on interactive genetic algorithm." 
Next-Generation Applied Intelligence. Springer Berlin Heidelberg, 2009. 343-349. 

[50] Xiaoling, Wang, and Xie Kanglin. "Application of the fuzzy logic in content-based image retrieval." 
Journal of Computer Science and Technology 5.1 (2005): 19-24. 

[51] Verma, Abhishek, Sugata Banerji, and Chengjun Liu. "A new color SIFT descriptor and methods for image 
category classification." International Congress on Computer Applications and Computational Science, 
Singapore, December. 2010. 

[52] Wu, Menglin, Quansen Sun, and Jin Wang. "Medical Image Retrieval based on Combination of Visual 
Semantic and Local Features." International Journal of Signal Processing, Image Processing and Pattern 
Recognition Vol. 5, No. 4, December, 2012 

[53] Deng, Yining, et al. "An efficient color representation for image retrieval." Image Processing, IEEE 
Transactions on 10.1 (2001): 140-147. 

[54] Utenpattanant, Ariya, Orachat Chitsobhuk, and Amnach Khawne. "Color descriptor for image retrieval in 
wavelet domain." Advanced Communication Technology, 2006. ICACT 2006. The 8th International 
Conference. Vol. 1. IEEE, 2006. 

[55] Joze, Hamid Reza Vaezi, and Mark S. Drew. "Improved machine learning for image category recognition 
by local color constancy." In Image Processing (ICIP), 2010 17th IEEE International Conference on, pp. 
3881-3884. IEEE, 2010. 

[56] M. RahmatWidyanto∗ and Tatik Maftukhah,” Fuzzy relevance feedback in image retrieval for color feature 
using query vector modification method.” Journal of Advanced Computational Intelligence and Intelligent 
Informatics Vol.14 No.1, 2010. 

[57] Chad Carson and Virginia E. Ogle. “Storage and retrieval of feature data for a very large online image 
collection”. IEEE Computer Society Bulletin of the Technical Committee on Data Engineering, 19(4):19–
27, December 1996. 

[58] Malik, Fazal, and Baharum Baharudin. "Quantized histogram color features analysis for image retrieval 
based on median and Laplacian filters in DCT domain." In Innovation Management and Technology 
Research (ICIMTR), 2012 International Conference on, pp. 624-629. IEEE, 2012. 

[59] Huang, Jing, S. Ravi Kumar, Mandar Mitra, Wei-Jing Zhu, and Ramin Zabih. "Image indexing using color 
correlograms." In Computer Vision and Pattern Recognition, 1997. Proceedings, 1997 IEEE Computer 
Society Conference on, pp. 762-768. IEEE, 1997. 

[60] Sharma, Neetu S., Paresh S. Rawat, and Jaikaran S. Singh. "Efficient CBIR using color histogram 
processing." Signal & Image Processing 2.1 (2011). 

[61] Pass, Greg, and Ramin Zabih. "Histogram refinement for content-based image retrieval." In Applications of 
Computer Vision, 1996. WACV'96., Proceedings 3rd IEEE Workshop on, pp. 96-102. IEEE, 1996. 

[62] J. Hafner, H. S. Sawhney, W. Equitz, M. Flickner, and W. Niblack. “Effcient color histogram indexing for 
quadratic form distance functions.” IEEE Transactions on Pattern Analysis and Machine Intelligence, 
17(7):729-736, 1999. 

[63] Ciocca, Gianluigi, Claudio Cusano, Simone Santini, and Raimondo Schettini. "Halfway through the 
semantic gap: pro-semantic features for image retrieval."Information Sciences 181, no. 22 (2011): 4943-
4958. 

[64] Malik, Fazal, and Baharum Bin Baharudin. "Feature Analysis Of Quantized Histogram Color Feature For 
Content-Based Image Retrieval Based on Laplacian Filter." In International Conference on System 
Engineering and Modeling. 2012. 

[65] Ionescu, Mircea, and Anca Ralescu. "Fuzzy hamming distance in a content-based image retrieval system." 
In Fuzzy systems, 2004. Proceedings. 2004 IEEE international conference on, vol. 3, pp. 1721-1726. IEEE, 
2004. 

[66] Wang, Xiang-Yang, Jun-Feng Wu, and Hong-Ying Yang. "Robust image retrieval based on color 
histogram of local feature regions." Multimedia Tools and Applications 49, no. 2 (2010): 323-345. 

[67] M. Stricker and M. Orengo. “Similarity of color images”. In W.Niblack and R. Jain, editors, Storage and 
Retrieval for Image and Video DatabasesIII (SPIE), volume 2420, pages 381{392, San Diego/La Jolla, CA, 
USA, February 1995. 

[68] J. R. Smith and S. F. Chang, “Transform features for texture classification and discrimination in large 
image databases”, in Proc.  IEEE Int. Conf. on Image Proc., 1994. 

[69] Kulkarni, Siddhivinayak. "Natural language based fuzzy queries and fuzzy mapping of feature database for 
image retrieval." Journal of Information Technology and Applications 4, no. 1 (2010): 11-20. 



141 

 

[70] Selvarajah, S., and S. R. Kodituwakku. "Analysis and comparison of texture features for content based 
image retrieval." International Journal of Latest Trends in Computing (E-ISSN: 2045-5364) 108 (2011). 

[71] Idrissi, Najlae, José Martinez, and Driss Aboutajdine. "Bridging the Semantic Gap for Texture-based Image 
Retrieval and Navigation." Journal of Multimedia 4.5 (2009): 277-283. 

[72] Sorwar, Golam, and Ajith Abraham. "DCT based texture classification using soft computing approach." 
arXiv preprint cs/0405013 (2004). 

[73] S. Michel, B. Karoubi, J. Bigun, and S. Corsini. “Orientation radiograms for indexing and identification in 
image databases” In Proceedings Eusipco‐96, European conference on signal processing, pages 1693–1696, 
1996.  

[74] B. S. Manjunath and W. Y. Ma. “Texture features for browsing and retrieval of large image data” IEEE 
Transactions on Pattern Analysis and Machine Intelligence, (Special Issue on Digital Libraries), Vol. 18 
(8), August 1996, pp. 837-842. 

[75] George Tzagkarakis and Panagiotis Tsakalides. “A Statistical approach to texture image retrieval via alpha 
stable modelling of wavelet decompositions”. in Proc. 5th International Workshop on Image Analysis for 
Multimedia Interactive Servics (WIAMIS ʹ04), Lisbon, Portugal, April 21,23, 2004. 

[76] F. Mokhtarian, S. Abbasi, and J. Kittler. “Efficient and robust retrieval by shape content through curvature 
scale space”. In Smeulders and Jain [73], pages 35–42. 

[77] Sougata Mukherjea, Kyoji Hirata, and Yoshinori Hara. “Towards a multimedia world wide web 
information retrieval engine.” In Sixth International WWW Conference, 711 April ’97, Santa Clara, CA, 
USA, 1997. 

[78] Sheng, C., and Y. Xin. "Shape-Based Image Retrieval Using Shape Matrix."International Journal of Signal 
Processing 1 (2005). 

[79] MichaelOrtega,Yong Rui, Kaushik Chakrabarti, Sharad Mehrotra, and Thomas S. Huang. “Supporting 
similarity queries  in MARS”. In Proceedings of the 5th ACM International Multimedia Conference, 
Seattle, Washington, 8 14 Nov. ’97, pages 403–413, 1997. 

[80] Brandt, Sami, Jorma Laaksonen, and Erkki Oja. "Statistical shape features in content-based image 
retrieval." In Pattern Recognition, 2000. Proceedings. 15th International Conference on, vol. 2, pp. 1062-
1065. IEEE, 2000. 

[81] Ramamurthy, B., and K. R. Chandran. "CBMIR: Shape-based Image Retrieval using Canny Edge 
Detection and K-means Clustering Algorithms for Medical Images." International Journal of Engineering 
Science and Technology 3.3 (2011): 209-212. 

[82] Zhang, Dengsheng, and Guojun Lu. "An integrated approach to shape based image retrieval." Proc. of 5th 
Asian conference on computer vision (ACCV). 2002. 

[83] Fumikazu Kanehara, Shin’ichi Satoh, and Takashi Hamada. “A flexible image retrieval using explicit 
visual instruction.” In Proceedings of the Third International Conference on Document Analysis 
Recognition, Montreal, Canada, August ’95, pages 175–178, 1995. 

[84] Pentland A et al (1996) “Photobook: tools for content‐based manipulation of image databases” 
International Journal of Computer Vision 18(3), 233,254. 

[85] Rautkorpi, Rami, and Jukka Iivarinen. "A novel shape feature for image classification and retrieval." Image 
Analysis and Recognition. Springer Berlin Heidelberg, 2004. 753-760. 

[86] Arivazhagan, S., L. Ganesan, and S. Selvanidhyananthan. "Image Retrieval using Shape Feature." 
International journal of imaging science and engineering (IJISE) 1, no. 3 (2007): 101-103. 

[87] Guan, Haiying, et al. "Bridging the semantic gap using ranking SVM for image retrieval." Biomedical 
Imaging: From Nano to Macro, 2009. ISBI'09. IEEE International Symposium on. IEEE, 2009. 

[88] Kekre, H. B., Sudeep Thepade, Priyadarshini Mukherjee, Miti Kakaiya, Shobhit Wadhwa, and Satyajit 
Singh. "Image retrieval with shape features extracted using gradient operators and slope magnitude 
technique with BTC."International Journal of Computer Applications 6, no. 8 (2010). 

[89] Chang, Chuan-Yu, Hung-Jen Wang, and Chi-Fang Li. "Image Content Analysis Using Modular RBF 
Neural Network." Journal of Computers 21, no. 2 (2010): 39-52. 

[90] Ahmed, Heba Aboulmagd, Neamat El Gayar, and Hoda Onsi. "A New Approach in Content-Based Image 
Retrieval Using Fuzzy Logic." (2008). 

[91] Liu, Ying, Dengsheng Zhang, Guojun Lu, and Wei-Ying Ma. "Region-based image retrieval with high-
level semantic color names." In Multimedia Modelling Conference, 2005. MMM 2005. Proceedings of the 
11th International, pp. 180-187. IEEE, 2005. 



142 

 

[92] Wang, Wei, Yuqing Song, and Aidong Zhang. "Semantics-based image retrieval by region saliency." In 
Image and Video Retrieval, pp. 29-37. Springer Berlin Heidelberg, 2002. 

[93] Liu, Ying, Dengsheng Zhang, and Guojun Lu. "Region-based image retrieval with high-level semantics 
using decision tree learning." Pattern Recognition 41, no. 8 (2008): 2554-2570. 

[94] Tran, Khoa Duc. "Content-based retrieval using a multi-objective genetic algorithm." SoutheastCon, 2005. 
Proceedings. IEEE. IEEE, 2005. 

[95] Depalov, Dejan, et al. "A perceptual approach for semantic image retrieval." Acoustics, Speech and Signal 
Processing, 2006. ICASSP 2006 Proceedings. 2006 IEEE International Conference on. Vol. 2. IEEE, 2006. 

[96] Hussain, Sajjad, Manzoor Hashmani, Muhammad Moinuddin, Mikio Yoshida, and Hidenori Kanjo. "Image 
Retrieval Based on Color and Texture Feature Using Artificial Neural Network." In Emerging Trends and 
Applications in Information Communication Technologies, pp. 501-511. Springer Berlin Heidelberg, 2012. 

[97] Rahmani, Rouhollah, Sally A. Goldman, Hui Zhang, John Krettek, and Jason E. Fritts. "Localized content 
based image retrieval." In Proceedings of the 7th ACM SIGMM international workshop on Multimedia 
information retrieval, pp. 227-236. ACM, 2005. 

[98] Joshi, R. C., and Shashikala Tapaswi. "Image similarity: A genetic algorithm based approach." In 
Proceedings of World Academy of Science, Engineering and Technology, vol. 21. 2007. 

[99] Sawant, Rupali. "Image Mining Using Texture and Shape Feature." IJCSE) International Journal on 
Computer Science and Engineering 2, no. 09 (2010): 2808-2815. 

[100] Guan, Haiying, Sameer Antani, L. Rodney Long, and George R. Thoma. "Minimizing the semantic gap in 
biomedical content-based image retrieval." InSPIE Medical Imaging, pp. 762807-762807. International 
Society for Optics and Photonics, 2010. 

[101] W. Niblack, R. Barber, W. Equitz, M. Flickner, E. Glasman, D.Petkovic, P. Yanker, C. Faloutsos, and G. 
Taubin. “The qbic project: Quering images by content using color, texture, and shape.” In Poceedings of 
the SPIE Conference on Storage and Retrieval for Image and Video Databases, 2‐3 February ’93, San Jose, 
CA, pages 173–187, 1993. 

[102] Ma, Hao, et al. "Bridging the semantic gap between image contents and tags." Multimedia, IEEE 
Transactions on 12.5 (2010): 462-473. 

[103] Ashok Kumar, D., and J. Esther. "Comparative study on CBIR based by color histogram, Gabor and 
wavelet transform." International Journal of Computer Applications 17.3 (2011): 37-44. 

[104] Chen, Yixin, James Z. Wang, and Robert Krovetz. "An unsupervised learning approach to content-based 
image retrieval." Signal Processing and Its Applications, 2003. Proceedings. Seventh International 
Symposium on. Vol. 1. IEEE, 2003. 

[105] Chandrika, Pulla, and C. V. Jawahar. "Multi modal semantic indexing for image retrieval." In Proceedings 
of the ACM International Conference on Image and Video Retrieval, pp. 342-349. ACM, 2010. 

[106] Gallo, Ignazio, and Angelo Nodari. "Learning object detection using multiple neural netwoks." In 
Proceedings of International Joint Conference on Computer Vision, Imaging and Computer Graphics 
Theory and Applications. INSTICC Press. 2011. 

[107] Lakdashti, Abolfazl, M. Shahram Moin, and Kambiz Badie. "Reducing the Semantic Gap of the MRI 
Image Retrieval Systems Using a Fuzzy Rule Based Technique." International Journal of Fuzzy Systems 
11, no. 4 (2009): 232-249. 

[108] Bianchini, M., M. Maggini, L. Sarti, and F. Scarselli. "Recursive neural networks for object detection." In 
Neural Networks, 2004. Proceedings. 2004 IEEE International Joint Conference on, vol. 3, pp. 1911-1915. 
IEEE, 2004. 

[109] Zheng, Yuhua, and Yan Meng. "Modular neural networks for multi-class object recognition." In Robotics 
and Automation (ICRA), 2011 IEEE International Conference on, pp. 2927-2932. IEEE, 2011. 

[110] Da Silva, Ricardo Dutra, William Robson Schwartz, and Helio Pedrini. "Image Segmentation based on 
Wavelet feature descriptor and dimensionality reduction applied to remote sensing." Published in Chilean 
Journal of Statistics 2, no. 2 (2011). 

[111] Wang, Yuhang, Fillia Makedon, James Ford, Li Shen, and Dina Goldin. "Generating fuzzy semantic 
metadata describing spatial relations from images using the R-histogram." In Digital Libraries, 2004. 
Proceedings of the 2004 Joint ACM/IEEE Conference on, pp. 202-211. IEEE, 2004. 

[112] Deselaers, Thomas, and Vittorio Ferrari. "Global and efficient self-similarity for object classification and 
detection." In Computer Vision and Pattern Recognition (CVPR), 2010 IEEE Conference on, pp. 1633-
1640. IEEE, 2010. 



143 

 

[113] Gui, Chuanghua, Jing Liu, Changsheng Xu, and Hanqing Lu. "Web image retrieval via learning semantics 
of query image." In Multimedia and Expo, 2009. ICME 2009. IEEE International Conference on, pp. 1476-
1479. IEEE, 2009. 

[114] Shih, Timothy K., et al. "An intelligent content-based image retrieval system based on color, shape and 
spatial relations." PROCEEDINGS-NATIONAL SCIENCE COUNCIL REPUBLIC OF CHINA PART A 
PHYSICAL SCIENCE AND ENGINEERING 25.4 (2001): 232-243. 

[115] J. S. Hare, P. H. Lewis, P. G. B. Enser, and C. J. Sandom, "Mind the gap: Another look at the problem of 
the semantic gap in image retrieval," in Proceedings of SPIE Multimedia Content Analysis, Management 
and Retrieval 2006,2006. 

[116] J. S. Hare, P. A. S. Sinclair, P. H. Lewis, K. Martinez, P. G. B. Enser, and C. J. Sandom, "Bridging the 
semantic gap in multimedia information retrieval: Top-down and bottom-up approaches," in Proceedings of 
Mastering the Gap: From Information Extraction to Semantic Representation / 3rd European Semantic Web 
Conference, 2006. 

[117] A. Hinneburg and D. Keim, "An efficient approach to clustering in large multimedia databases with noise," 
in Proc. of the 4th Int. Conf. on Knowledge Discovery and Data Mining (KDD'98), 1998, pp. 58-65. 

[118] S. Medasani and R Krishnapuram, "Categorization of image databases for efficient retrieval using robust 
mixture decomposition," in Proc. of the IEEE Workshop on Content-Bases Access of Image and Video 
Libraries, 1998, pp. 50-54. 

[119] A.K.H. Tung, J. Han, L.V.S. Lakshmanan, and RT. Ng, "Constraint-based clustering in large databases. ," 
in Proc. of the Int. Conf. on Database Therory (ICDT'Ol), 2001, pp. 405-419. 

[120] L. Saux, H. Bertand, and N. Boujemaa, "Image database clustering with svm-based class personalization," 
Storage and Retrieval Methods and Applications for Multimedia, Proc. of the SPIE, vol. 5307, pp. 9-19, 
2003. 

[121] N. Grira, M. Crucinau, and N. Boujemaa, "Active semi-supervised fuzzy clustering for image database 
categorization," in Proc. of the 7th ACM SIGMM Int. Workshop on Multimedia Information Retrieval, 
2005, pp. 9-16. 

[122] H. Frigui, C. Hwang, and F.C-H. Rhee, "Clustering and aggregation of relational data with application to 
image database categorization," Pattern Recognition, vol. 40, pp. 3053--3068, 2007. 

[123] K. Wagstaff and C. Cardie, "Clustering with instance-level constraints.," in Proc. of the 17th Int. Conf. on 
Machine Learning, 2000, pp. 1103--1110. 

[124] S. Basu, M. Bilenko, and RJ. Mooney, "Comparing and unifying search-based and similarity-based 
approaches to semi-supervised clustering." in Proc. of the Workshop on Continuum from Labeled to 
Unlabeled Data in Machine Learning and Data Mining Systems (ICML '03), 2003, pp. 42-49. 

[125] D. Cohn, R Caruana, and A. McCallum, "Semi-supervised clustering with user feedback," 2003. 
[126] S. Basu, A. Banerjee, and RJ. Mooney, "Active semi-supervision for pairwise constrained clustering.," in 

Proc. of the SIAM Int. Conf. on Data Mining (SDM-2004), 2004, pp. 333-344. 
[127] H-J Zhang, Z. Chen an W-Y Liu, and M. Li, "Relevance feedback in content-based image retrieval," in 

Invited Keynote, 12th Int. Conf. on New Information Technology, 2002, pp. 1-8. 
[128] A. Kushki, P. Androutsos, K. N. Plantaniotis, and A. N. Venetsanopoulos, "Query feedback for interactive 

image retrieval," IEEE Transactions On Circuits and Systems for Video Technology, vol. 14, no. 5, pp. 
644-655, 2004. 

[129] J. Urban, J. M. Jose, and C.J. van Rijsbergen, "An adaptive approach towards content-based image 
retrieval," in Proc. of the Third International Workshop on Content-Based Multimedia Indexing, 2003, pp. 
119-126. 

[130] M.L. Kherfi and D. Ziou, "Relevance feedback for cbir: A new approach based on probabilistic feature 
weighting with positive and negative examples.," IEEE Transactions On Image Processing, vol. 15, no. 4, 
pp. 1017-1030, 2006. 

[131] Z.-H. Zhou, K.-J. Chen, and H.-B. Dai, "Enhancing relevance feedback in image retrieval using unlabeled 
data," ACM Transactions on Information Systems (TOIS), vol. 24, no. 2, pp. 219-244, 2006. 

[132] Mezaris, Vasileios, Ioannis Kompatsiaris, and Michael G. Strintzis. "An ontology approach to object-based 
image retrieval." Image Processing, 2003. ICIP 2003. Proceedings. 2003 International Conference on. Vol. 
2. IEEE, 2003. 

[133] Arias, J. Aníbal, and J. Alfredo Sánchez. "Content-based search and annotations in multimedia digital 
libraries." Computer Science, 2003. ENC 2003. Proceedings of the Fourth Mexican International 
Conference on. IEEE, 2003. 



144 

 

[134] Caudill, Joshua David. “Bridging the semantic gap in content-based image retrieval”. University of 
Louisville, 2009. 

[135] Zhang, Ruofei, et al. "A probabilistic semantic model for image annotation and multi-modal image 
retrieval." Multimedia Systems 12.1 (2006): 27-33. 

[136] http://images.google.com 
[137] Escalante, Hugo Jair, Carlos A. Hernández, Jesus A. Gonzalez, Aurelio López-López, Manuel Montes, 

Eduardo F. Morales, L. Enrique Sucar, Luis Villaseñor, and Michael Grubinger. "The segmented and 
annotated IAPR TC-12 benchmark." Computer Vision and Image Understanding 114, no. 4 (2010): 419-
428. 

[138] http://www.iath.virginia.eduinote 
[139] Bradshaw B. “Semantic based image retrieval: a probabilistic approach” Proceedings of the ACM 

International Conference on Multimedia, Los Angeles, California, Oct. 30‐Nov.4, 2000; 167-176. 
[140] Chatzilari, Elisavet, Spiros Nikolopoulos, Yiannis Kompatsiaris, and Josef Kittler. "Multi-modal region 

selection approach for training object detectors." InProceedings of the 2nd ACM International Conference 
on Multimedia Retrieval, p. 5. ACM, 2012. 

[141] Ghoshal A, Ircing P, Khudanpur S. “Hidden Markov models for automatic annotation and content‐based 
retrieval of images and video”. Proceedings of the 28th International ACM SIGIR Conference on Research 
and Development in Information Retrieval, Salvador, Brazil, Aug 2005; 15‐19: 544-551. 

[142] Olkiewicz, Katarzyna Agnieszka, and Urszula Markowska-Kaczmar. "Emotion-based image retrieval—An 
artificial neural network approach." Computer Science and Information Technology (IMCSIT), 
Proceedings of the 2010 International Multiconference on. IEEE, 2010. 

[143] Gong, Liyu, Tianjiang Wang, and Fang Liu. "Shape of gaussians as feature descriptors." In Computer 
Vision and Pattern Recognition, 2009. CVPR 2009. IEEE Conference on, pp. 2366-2371. IEEE, 2009. 

[144] Ilaria Bartolini and Paolo Ciaccia. “Towards an Effective Semi‐Automatic Technique for Image 
Annotation”. Proceedings of the ACM International Conference on Multimedia, Bristol, UK, Sep. 12‐16, 
1998; 219‐228. 

[145] Huang J., Kumar SR., Zabih R. “An automatic hierarchical image classification”. Proceedings of the ACM 
International Conference on Multimedia, Bristol, UK, Sep. 12‐16, 1998; 219,228. 

[146] H. Feng and T.‐S. Chua. “A bootstrapping approach to annotating large image collection.” Proceedings of 
the Fifth ACM SIGMM international workshop on Multimedia information retrieval (MIR ʹ03), pages 
55{62, Berkeley, California, USA, November. 

[147] S. Gao, D.‐H. Wang, and C.‐H. Lee. “Automatic image annotation through multi‐topic text categorization”. 
Proceedings of the IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP 
2006), volume 2, pages II{377{II{380, Toulouse, France, May 2006 

[148] Pham, Trong-Ton, Nicolas Eric Maillot, Joo-Hwee Lim, and Jean-Pierre Chevallet. "Latent semantic fusion 
model for image retrieval and annotation." InProceedings of the sixteenth ACM conference on Conference 
on information and knowledge management, pp. 439-444. ACM, 2007. 

[149] Hare, Jonathon S., Paul H. Lewis, Peter GB Enser, and Christine J. Sandom. "Mind the gap: another look at 
the problem of the semantic gap in image retrieval." In Electronic Imaging 2006, pp. 607309-607309. 
International Society for Optics and Photonics, 2006. 

[150] Escalante, Hugo Jair, Manuel Montes, L. Enrique Sucar, and Michael Grubinger. "Towards a Region-Level 
Automatic Image Annotation Benchmark." 

[151] Ionescu, Mircea, and Anca Ralescu. "Fuzzy hamming distance in a content-based image retrieval system." 
In Fuzzy systems, 2004. Proceedings. 2004 IEEE international conference on, vol. 3, pp. 1721-1726. IEEE, 
2004. 

[152] Escalante, H. Jair, Manuel Montes, and L. Enrique Sucar. "Improving automatic image annotation based on 
word co-occurrence." In Adaptive Multimedial Retrieval: Retrieval, User, and Semantics, pp. 57-70. 
Springer Berlin Heidelberg, 2008. 

[153] Escalante, H. Jair, Manuel Montes, and L. Enrique Sucar. "Word co-occurrence and Markov random fields 
for improving automatic image annotation." (2007). 

[154] Mihai, Gabriel, and Liana Stanescu. "Automated annotation system for natural images." Computer Science 
and Information Systems (FedCSIS), 2011 Federated Conference on. IEEE, 2011. 

[155] Hare, Jonathon S., et al. "Bridging the semantic gap in multimedia information retrieval: Top-down and 
bottom-up approaches." (2006).  



145 

 

[156] Mocanu, I. "From content-based image retrieval by shape to image annotation." Advances in Electrical and 
Computer Engineering 10.4 (2010): 49-56. 

[157] Y. Mori, H. Takahashi, and R. Oka. “Image‐to‐word transformation based on dividing and vector 
quantizing images with words”. In Proceedings of the First International Workshop on Multimedia 
Intelligent Storage and Retrieval Management, Orlando, Florida, October 1999 

[158] C. Yang, M. Dong, and F. Fotouhi. “S‐iras: An interactive semantic image retrieval and annotation 
system”. International Journal on Semantic Web and Information Systems, 2(3):37{54,2006 

[159] M. Rege, M. Dong, and F. Fotouhi. “Building a user‐centered semantic hierarchy in image databases”. 
Multimedia Systems, 12(4‐5):325{338, March 2007 

[160] Y. Y. Lin, T.L. Liu and H.T. Chen. “Semantic manifold learning for image retrieval.” In Proceedings of the 
ACM International Conferenceon Multimedia, 2005 

[161] He, Xiaofei, Deng Cai, and Jiawei Han. "Learning a maximum margin subspace for image retrieval." 
Knowledge and Data Engineering, IEEE Transactions on20, no. 2 (2008): 189-201. 

[162] Kim, Deok-Hwan, and Chin-Wan Chung. "QCluster: relevance feedback using adaptive clustering for 
content-based image retrieval." In Proceedings of the 2003 ACM SIGMOD international conference on 
Management of data, pp. 599-610. ACM, 2003. 

[163] Shah-hosseini, Amin. "Semantic Image Retrieval Using Relevance Feedback and Transaction Logs." PhD 
diss., University of Technology, 2007. 

[164] Ferecatu, Marin, Nozha Boujemaa, and Michel Crucianu. "Semantic interactive image retrieval combining 
visual and conceptual content description."Multimedia systems 13, no. 5-6 (2008): 309-322. 

[165] Gosselin, Philippe H., and Matthieu Cord. "Semantic kernel learning for interactive image retrieval." In 
Image Processing, 2005. ICIP 2005. IEEE International Conference on, vol. 1, pp. I-1177. IEEE, 2005 

[166] Pardijs, Mark. "User-centered reduction of the semantic gap in content-based image retrieval." 
[167] Chen, Xin, et al. "A latent semantic indexing based method for solving multiple instance learning problems 

in region-based image retrieval." Multimedia, Seventh IEEE International Symposium on. IEEE, 2005. 
[168] Nandagopalan, S., B. S. Adiga, and N. Deepak. "A universal model for content-based image retrieval." JIP 

1 (2008) 
[169] Zhang, Dengsheng, Ying Liu, and Jin Hou. "Digital Image Retrieval Using Intermediate Semantic Features 

and Multistep Search." Computing: Techniques and Applications, 2008. DICTA'08. Digital Image. IEEE, 
2008. 

[170] Karthik, P. Suman, and C. V. Jawahar. "Analysis of relevance feedback in content based image retrieval." 
Control, Automation, Robotics and Vision, 2006. ICARCV'06. 9th International Conference on. IEEE, 
2006. 

[171] Yoon, Janghyun, and Nikil Jayant. "Relevance feedback for semantics based image retrieval." Image 
Processing, 2001. Proceedings. 2001 International Conference on. Vol. 1. IEEE, 2001. 

[172] P.L. Stanchev, D. Green Jr., B. Dimitrov, “High level color similarity retrieval”, Int. J. Inf. Theories Appl. 
10 (3) (2003) 363–369. 

[173] Ozcan, Rifat, and Y. A. Aslangdogan. "Concept based information access using ontologies and latent 
semantic analysis." Dept. of Computer Science and Engineering, University of Texas at Arlington, 
Technical Report 8 (2004): 2004. 

[174] V. Mezaris, I. Kompatsiaris, M.G. Strintzis, “An ontology approach to object‐based image retrieval”, 
Proceedings of the ICIP, vol. II, 2003, pp. 511–514 

[175] Huan Wang, Song Liu, liang tien chia. “Image retrieval with multi‐modality ontology”. Multimedia System 
(2008) 

[176] Spyropoulos, Constantine D., et al. "BOEMIE: Bootstrapping ontology evolution with multimedia 
information extraction." Integration of Knowledge, Semantics and Digital Media Technology, 2005. 
EWIMT 2005. The 2nd European Workshop on the (Ref. No. 2005/11099). IET, 2005. 

[177] Castano, Silvana, Sofia Espinosa, Alfio Ferrara, Vangelis Karkaletsis, Atila Kaya, Sylvia Melzer, Ralf 
Möller, Stefano Montanelli, and Georgios Petasis. "Ontology dynamics with multimedia information: The 
boemie evolution methodology." In International Workshop on Ontology Dynamics (IWOD-07), p. 41. 
2007. 

[178] Peraldi, Sofia Espinosa, Atila Kaya, and Ralf Möller. "Formalizing multimedia interpretation based on 
abduction over description logic aboxes." Proceedings of the 22nd International Workshop on Description 
Logics (DL 2009), Oxford, UK. 2009. 



146 

 

[179] Khodaskar, Anuja, and S. A. Ladke. "Content Based Image Retrieval with Semantic Features using Object 
Ontology." International Journal of Engineering 1.4 (2012). 

[180] Kosmopoulos, D., Sergios Petridis, Ioannis Pratikakis, V. Gatos, S. Perantonis, Vangelis Karkaletsis, and 
Georgios Paliouras. "Knowledge acquisition from multimedia content using an evolution framework." In 
Artificial Intelligence Applications and Innovations, pp. 557-565. Springer US, 2006. 

[181] Beritelli, Francesco, Salvatore Casale, and A. Cavallaero. "A robust voice activity detector for wireless 
communications using soft computing." Selected Areas in Communications, IEEE Journal on 16.9 (1998): 
1818-1829. 

[182] Ravi, V., et al. "Soft computing system for bank performance prediction."Applied soft computing 8.1 
(2008): 305-315. 

[183] Zilouchian, Ali, and Mutaz Jafar. "Automation and process control of reverse osmosis plants using soft 
computing methodologies." Desalination 135.1 (2001): 51-59. 

[184] Entchev, Evgueniy. "Residential fuel cell energy systems performance optimization using soft computing 
techniques." Journal of power Sources118.1 (2003): 212-217. 

[185] Hyoung Ku LEE, Suk In Yoo “ Intelligent image retrieval using neural network” IEICE TRANS. INF. & 
SYST. VOL. E84-D,NO. 12 DECEMBER 2001. 

[186] Rifkin, Ryan, and Aldebaro Klautau. "In defense of one-vs-all classification." The Journal of Machine 
Learning Research 5 (2004): 101-141. 

[187] G. Passos, P. D. F. Silva and H. C. Fernandes, "A RBF/MLP modular neural network for microwave device 
modeling", International Journal of computer science and network security, vol. 6, no. 5A, pp. 81-86, 2006. 

[188] G. Corzo and D. Solomatine, "Baseflow separation techniques for modular artificial neural network 
modelling in flow forecasting", Hydrological sciences journal, vol. 52, no. 3,      pp. 491-507, 2007. 

[189] A. Zorins, "Retail turnover prediction using modular artificial neural networks", Proceedings of the 7th 
International Scientific and Practical Conference, Rezekne, 2009, vol. 2. 

[190] April Kontostathis “Essential Dimensions of Latent Semantic Indexing (LSI)”System Sciences, 2007. 
HICSS 2007. 40th Annual Hawaii International Conference on Jan. 2007. 

[191] Wang, Kejun and Hou, Benbo ”A survey of gait recognition” Journal of Image and Graphics, vol. 2, no. 7, 
pp. 1152-1160, 2007. 
  



147 

 

Abbreviations 

 
ACA    Automatic Concept Annotation 
AIA    Automatic Image Annotation 
ANN  Artificial Neural Network 
BTC  Block Truncation Coding 
CBIR   Content Based Image Retrieval 
CDM  Concept Document Matrix 
COIL  Columbia Image Library 
ECM  Edge Co-occurrence Matrix 
ED-LSI   Essential Dimension LSI 
FARG  Fuzzy Attributed Relational Graph  
FV     Feature Vector 
FVT  Feature Vector Table 
GA  Genetic Algorithm 
GIS    Geographical Information System 
HSV  Human Vision System 
IGA  Interactive Genetic Algorithm 
IR     Information Retrieval 
LSA    Latent Semantic Analysis 
LSI    Latent Semantic Indexing 
MANN   Modular Artificial Neural Network 
MARS  Multimedia Analysis and Retrieval System 
MLP  Multilayer Perceptron 
MMLSI  Multimodal latent semantic indexing  
MMP  Maximum Margin Projection 
MMPLSA Multi-Modal Probabilistic Latent Semantic Analysis  
MSE  Mean Square Error 
QBIC  Query by Image Contents 
RBF  Radial Basis Function 
RF     Relevance Feedback 
ROA  Rate of Ascent 
RVSS  Robust Variable Step-Size Least Mean-Square 
SBIR   Semantic Based Image Retrieval 
SG     Semantic Gap 
SIM  Similarity Index Measure 
SOM  Self Organizing Map 
SSE  Sum of Square Error 
SVD  Singular Value Decomposition 
SVM  Support Vector Machine 
TBIR   Text Based Information Retrieval 
TDM  Term Document Matrix 
UIQI  Universal Image Quality Index 
UIQI  Universal Image Quality Index 
VD  Visual Descriptor 
 


