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Summary

The significant growth in the volume of image data has driven the demand for efficient
techniques to index and access the image collections. These techniques are used in fields
including applications such as online image libraries, e-commerce, biomedicine, military and
education, among others. In view of this, content-based image retrieval (CBIR) has been
developed as a scheme for managing, searching, filtering, and retrieving the image collections.
CBIR is a process of retrieving a set of desired images from the database on the basis of
visual content such as color, texture, shape, and spatial relationship that are present in the
images. The problem is challenging due to the semantic gap between the low-level visual
features and the high-level human perception. With the objective to reduce the semantic gap,
this thesis investigates several challenging problems in current CBIR systems. It covers the
fo 110 wing three main aspects: relevance feedback in CBIR (Chapters 4 and 5), relevance
feedback in region-based image retrieval (Chapter 6), and peer tagging and knowledge
propagation (Chapter 7).
The frrstcontribution of this thesis is the development of a new soft relevance framework
in interactive CBIR systems. A soft relevance notion is proposed to integrate the users' fuzzy
perception of visual content into the framework of relevance feedback. A progressive fuzzy
radial basis function network (PFRBFN) is proposed to learn the user information need by
optimizing a cost function. A gradient descent-based learning strategy is then employed to
estimate the underlying network parameters due to its algorithmic simplicity.
The second contribution of the thesis is the proposal of a new pseudo-label fuzzy support
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vector machine (PLFSVM) framework to perform content-based image retrieval.

The

technique addresses the small sample problem by incorporating pseudo-labeled images to
enlarge the training data set. An unsupervised clustering algorithm is used to select pseudolabeled images by studying the characteristics of the labeled images. The relevance of the
pseudo-labeled images is estimated using the fuzzy membership function, and integrated into
the fuzzy support vector machine (FSVM) for learning.
The third contribution of this thesis is the development of a new framework that integrates
relevance feedback into region-based image retrieval (RBIR) systems.

A variable-length

radial basis function network (VLRBFN) is constructed and progressively trained to achieve
improved retrieval results. A new kernel function of the VLRBFN centered on region-based
representation is introduced to handle variable-length computation of image similarity. An
unsupervised clustering algorithm is developed for VLRBFN center selection based on the
characteristics of region-based representation. The importance of the constituent regions in
each RBF unit is estimated using a hybrid of probabilistic estimation and perceptual
determination scheme.

A gradient descent-based learning strategy is then employed to

estimate the underlying network parameters.
The last part of this thesis deals with the issue of semantic gap from the perspective of
peer tagging and knowledge propagation. Unique issues associated with peer tagging are
discussed including human-computer interface (HeI) for image tagging, tag generation and
formation, and tag clustering.

In contrast to the conventional labor-intensive process of

manual image annotation, peer tagging provides a practical alternative for keyword annotation.
Further, a knowledge propagation scheme is presented that automatically propagates
keywords from a subset of labeled images to the unlabeled images. It is based on image
content analysis and training of keyword classifiers. In particular, genetic algorithm (GA) is
utilized to find the salient regions in the labeled images of the same semantic concepts. Since
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different regions in an image have unequal importance for computing image similarity, a
proper weight has be to assigned to each constituent region in the images. The importance of
the unseen regions that haven't been assigned proper weights is then estimated by a one-class

(

support vector machine (OCSVM). Next, radial basis function (RBF)-based classifiers are
trained based on the content of the labeled images. Finally, the trained classifiers are used for
keywords propagation.
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Chapter 1
Introduction

1.1 Motivation
The volume of image data has grown tremendously in recent years due to increasing
popularity of imaging devices such as digital cameras, prevalence of low-cost high-capacity
storage devices, and the increasing proliferation of image data over the Internet and wireless
networks.

This is reflected in many applications including online image libraries, e-

commerce, biomedicine, military and education, among others.

This motivates the

development of efficient image indexing and retrieval systems and algorithms.
Traditional image retrieval systems use textual descriptors such as keywords to annotate
images.

This is, however, exhausting and time consuming as they involve a significant

amount of human labor in manual annotations of large-scale image databases.

Further,

because of human perceptual subjectivity, the annotations are highly individual and subjective.
Take the image in Figure 1.1 for example, different annotators may assign different keywords
to it. Some may annotate it using keywords such as "lake", "house" or "tree", which are the
objects in the image. Others may annotate it as "autumn" or "scenery" by interpreting the
whoIe image. Manual annotation also experiences the difficulty of describing the rich content
of images using only a few keywords since "an image is worth a thousand words" (Figure
1.2). Therefore, the limited keywords assigned to an image are often incomplete. Another
limitation in text-based image retrieval systems comes from the formulation of a query. Often,
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there exist queries that are hard to describe using keywords. For instance, a user may be
looking for an image with complex textures having a particular combination of colors as
shown in Figure 1.3. It would be difficult to describe such an image using a small number of
keywords.

"Lake, house, tree, autumn, scenery••• "
Figure 1.1 Manual annotation of an image is highly subjective.

Figure 1.2 "An image is worth a thousand words": it is hard to describe all the content in the
images using only a few keywords.
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Figure 1.3 An image with complex textures that is hard to describe using keywords.

In view of all these problems, content-based image retrieval (CBIR) systems have been
developed to address these shortcomings. CBIR attempts to retrieve a set of desired images
from the database using visual features such as color, texture, shape, and spatial relationships
that are present in the images. The process of feature extraction and image indexing can be
fully automated, hence alleviating the intensive human labor involved in manual image
annotations in traditional text-based retrieval systems. Since the images are represented by
their own features, the subjectivity involved in the description of images by keywords can be
avoided. Further, CBIR offers an alternative approach to perform a query. It allows the users
to submit a query to the system in the form of an image, thus reducing the need to provide
textual descriptions for a query which may be hard to describe using keywords. Figure 1.4
illustrates how typical CBIR systems work.

Users submit their query to the systems.

Features are then extracted from the query and compared with the features of the images in
the database. After similarity comparison, the systems display the retrieval results to the users.

Cl
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~~

Database
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-....

Feature
Extraction

Offline processing

Figure 1.4 CBIR system architecture.

Many research and commercial CBIR systems have been developed, including QBIC [1],
MARS [2], Virage [3], Photobook [4], VisualSEEk [5], PicToSeek [6], and PicHunter [7].
Despite these research efforts, the retrieval performance 0 f these systems remains relatively
unsatisfactory. This is mainly due to the semantic gap between the low-level visual features
(color, texture, shape) and high-level human perception. Semantic gap is the uncertainty in
the correspondence between (i) the information that one can extract from the visual data and
(ii) the interpretation that the same data have for a user in a given situation [8]. An illustrative
example of the semantic gap is given in Figure 1.5. Users interpret an image based on the
high-level concept such as flower, rose or plant. In contrast, the retrieval systems represent
the image based on its low-level visual features such as red color, ruffled texture, and round
shape. This results in the semantic gap between the low-level features and high-level human
perception. Let us have a look at two examples in Figure 1.6 and Figure 1.7, which illustrate
the different interpretation criteria utilized by the retrieval systems and the users. Suppose
only color features are used in the retrieval systems. The retrieval systems will judge the two
images in Figure 1.6 as visually dissimilar (colors are different) and images in Figure 1.7 as
visually similar (colors are the same). However, the users will regard images in Figure 1.6 as
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5

semantically similar (both are flowers) while images in Figure 1.7 as semantically dissimilar
(flower and tomato).

Color: red
Texture: ruffled
Shape: round

~---Semantic

CBIR system

gap--.....

Users

Figure 1.5 The semantic gap in CBIR systems.

Figure 1.6 Two images that are visually dissimilar but semantically similar.

Figure 1.7 Two images that are visually similar but semantically dissimilar.
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1.2 Objectives

6

The aim of this thesis is to develop efficient and user-friendly image retrieval systems, which
are useful for real-life applications. One of the most challenging problems in building a
successful image retrieval system lies in bridging the semantic gap. To narrow the semantic
gap, relevance feedback has been introduced to learn the associations between the high-level
concepts and the low-level features [2], [6]-[7], [9]-[22]. It is an interactive and iterative
process to learn from the user's feedbacks regarding the relevance of currently retrieved
results to the original query. In CBIR systems with relevance feedback, several important
problems need to be addressed and they are highlighted as follows.

1.2.1 User Perception
An important aspect in the formulation of relevance feedback is the consideration for the
potential imprecision of user perception during the feedback process. So far, there have been
limited efforts in addressing this issue. Most current relevance feedback methods employ
binary labeling approach, namely, the users have to classify an image either as "fully
relevant" or "totally irrelevant" [2], [9], [12]-[15], [17], [20]. This hard-decision approach
does not reflect the nature of user interpretation and understanding of images, which tends to
be uncertain or imprecise due to perceptual subjectivity. For instance, when a user would like
to fmd a flower, particularly red in color, he/she will encounter a dilemma as whether to
classify a pink flower as "fully relevant" or "totally irrelevant". This is because the pink
flower satisfies, up to a certain extent, his/her information need. It is, therefore, inappropriate
to describe the feedback decision by binary crisp logic without considering the degree of
relevance. There are a few other works which provide three-option classification. Although
these classification schemes provide three options to the users, namely, "relevant",
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"irrelevant", and "neutral", they do not utilize the "neutral" images in learning the user
information need, or in other words, they ignore the neutral images.
potential underutilization of the information available.

This will ·lead to

In contrast, multi-level labeling

categorizes the feedback samples into several discrete levels of (ir)relevance [10], [11], [22].
This technique, however, is both cumbersome as well as tedious as the users need to classify
every image into one of the multiple levels. Therefore, the users' imprecise perception should
be taken into account in relevance feedback process.

1.2.2 Small Sample Problem
Conventional relevance feedback in CBIR systems uses only the labeled images for learning.
Image labeling, however, is a time consuming task and users are often unwilling to label too
many images during the feedback process. This gives rise to the small sample problem where
learning from a small number of training samples restricts the retrieval performance.
Therefore, it is imperative to find solutions to solve the small sample problem faced by
relevance feedback.

1.2.3 Relevance Feedback in Region-based Image Retrieval (RBIR)
While users generally look for visual objects in images, the global features extracted from the
whole image in CBIR systems sometimes fail to match the users' object-level perceptions.
For instance, suppose a user is looking for images of "eagles" regardless of their background,
global image-based CBIR systems may not retrieve images of "eagles" as shown in Figure 1.8
because of their different background. Consequently, region-based image retrieval (RBIR)
systems have been developed to represent images at the object level to achieve higher
retrieval relevancy [5], [23]-[27]. They utilize image segmentation to decompose images into
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regions, and then perform comparison of image similarity based on the local features
extracted from the constituent regions.

Figure 1.8 Two images containing similar object of eagles but with different background.

User interpretation

0

f visual content tends to vary with respect to different users and

circumstances. In other words, the user perception of image similarity is subjective in nature.
Each image, depending on the context, can have many different interpretations. For instance,
given the same query image of "a model standing in front a car", one user may be more
interested in finding the images of models, while, another user may look for the images of
cars. Even the same user may perceive the same image differently under various situations.
However, some existing RBIR systems adopt fixed image similarity metric [5], [23]-[27].
They ignore the contextual dependency of visual content, therefore, failing to capture the user
perceptual subjectivity.

To address this issue, relevance feedback has been introduced to

overcome some of the limitations associated with RBIR systems [28]-[38].
feedback is traditionally used in CBIR systems that use global features.

Relevance

There are still

relatively few works that incorporate it in the RBIR systems. Nevertheless, some preliminary
works have been done to combine RBIR with relevance feedback to improve the retrieval
performance. Despite the previous works on relevance feedback for RBIR systems, it is still a
challenging task to develop effective and efficient interactive mechanisms to yield satisfactory
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retrieval performance. Some issues that need to be resolved include: (i) the definition of
image similarity measure to decrease the impact of imprecise segmentation, (ii) the learning
algorithm for region-based representation to progressively improve the retrieval accuracy
through interaction with the users, and (iii) the tradeoff between retrieval effectiveness and
realistic real-time requirement.

1.2.4 Peer Tagging and Knowledge Propagation
Retrieving images via low-level features alone cannot achieve satisfactory results. It would
be advantageous to build interactiveCBIR systems which support high-level semantic query.
The main idea is to integrate the strengths of content- and keyword-based image indexing and
retrieval algorithms while alleviating their respective difficulties.

A major difficulty of

conventioanl manual image annotation is that it is laborious and time consuming especially
for large image databases. Recently, a new trend in image annotation has emerged over the
past 2-3 years. This involves the paradigm of peer or community tagging where distributed
users (particularly Internet users) add tags (keywords) to community-shared images. In peer
tagging, individual users can apply arbitrary tags to images that they have uploaded for
sharing, or participate in voluntary tagging of images that are of interests to them. In contrast
to personal annotation, peer tagging potentially distributes the workload of annotation
amongst multiple voluntary contributors, hence making the process easy and flexible. Online
media (image and video) tagging systems have emerged recently and become increasingly
popular such as Flickr.com [39], Smugmug.com [40], and YouTube.com [41]. Nevertheless,
these services do not explore the correlation between the tags and the media content, hence
underutilizing the information available. Further, they do not address the problem where only
a fraction of the images or videos out of the complete collection is annotated. Therefore, the
unique issues associated with the new paradigm of online peer tagging need to be investigated
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so that it can be incorporated into CBIR systems to facilitate retrieval. New approaches in
knowledge propagation are also required to propagate keywords from the annotated images to
the rest of the unannotated images in the collection.

1.3 Computational Intelligence
To address the above-mentioned problems, it is important for the retrieval systems to have
some sort of intelligence to simulate and understand the user information need.
Computational intelligence, which offers an instrumental mathematical modeling of artificial
intelligence, is employed in this thesis due to its effectiveness. Computational intelligence is
a field of study that attempts to simulate human intelligence using computational algorithms
[42]-[43]. Its primary objective is to incorporate the principles and mechanisms behind the

intelligent behaviors both in natural and artificial systems.

Computational intelligence

hypothesizes that the basic reasoning behind simulated intelligence lies in its computation.
Four categories of computational intelligence techniques, namely neural networks, support
vector machines, fuzzy logic, and evolutionary computation, are employed in this thesis as
shown in Figure 1.9.
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Figure 1.9 The four categories of computational intelligence techniques.

1.3.1 Neural Networks
Neural networks have been developed as generalizations of mathematical models of human
neural biology [44]-[45]. A neural network is a massively parallel distributed processor made
up of simple processing units, which has a natural propensity for storing experiential
knowledge and making it available for use [44]. It resembles the brain in two respects: (i)
knowledge is acquired by the network from its environment through a learning process, (ii)
interneuron connection strengths, known as synaptic weights, are used to store the acquired
knowledge [44] . Each unit in a neural network generates an output signal based on its
activation and sends its output value to all other units that are connected to it. Units are
connected to each other with connection weights, which multiply the signals transmitted.
These network weights specify the strength of the connection. They are adjustable through a
training process which enables the network to change its overall behavior according to the
nature of specific training examples provided. The diagram of a typical neural network is
displayed in Figure 1.10. It consists of units that are organized into three layers: input layer,
hidden layer and output layer. The input layer receives signals that are fed into the network,
and is connected to the hidden layer. The activation of a hidden unit is determined by the
input unit activation and the connection weights between the input and the hidden units. The
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hidden layer is connected to the output layer which generates the result of the computations.
Since neural networks are designed to model the way in which human brain performs a
particular task, and offer the capability of constructing an input-output mapping given the
training samples, they can be nicely integrated into CBIR systems to simulate user perception
of visual content from feedback information.

.
•

/

'\"

/

•
•
•
•
•

•

Input Layer

•

..
•

Hidden Layer

Figure 1.10 Diagram of a typical neural network with one hidden layer.

1.3.2 Suppor Vector Machines (SVMs)
Support vector machines (SYMs) are an implementation of the method of structural risk
minimization (SRM) [46]-[48]. This induction principle is based on the fact that the error
rate of a learning machine on test data (i.e., the generalization error rate) is bounded by the
sum of the training error rate and a term that depends on the Vapnik-Chervonenkis (Ye)
dimension. The basic idea of SYMs involves first transforming data in the original input
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space to higher dimensional feature space by utilizing the technique known as "kernel trick"
(kernel function

\}l)

as illustrated in Figure 1.11. In doing so, nonlinearly separable data can

be transformed into a linearly separable feature space. An optimal decision hyperplane can
then be constructed in this high dimensional feature space by maximizing the margin

0f

separation between positive and negative samples (Figure 1.12). A linear decision boundary
constructed in the feature space corresponds to nonlinear decision boundary in the input space.
By the use of a kernel function, it is possible to compute the separating hyperplance without
explicitly carrying out the mapping in the feature space.

The optimal hyperplane is

determined by solving a quadratic programming (QP) problem, which can be converted to its
dual problem by introducing Lagrangian multipliers. The training data points that are nearest
to the separating hyperplane are called support vectors. The optimal hyperplane is specified
only by the support vectors.

Because of the nice properties of SVMs, they have been

successfully utilized in many real-world applications. SVMs are also good choices in the
context of CBIR to learn the user information need by estimating the decision boundary
between the positive and negative feedback images.

Figure 1.11 The basic idea of SVMs: map the nonlinearly separable training data into a
higher dimensional feature space via kernel function

\}l

where the training data is separable,

and construct an optimal separating hyperplance there.
boundary in the input space.

This yields a nonlinear decision
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Figure 1.12 Optimal separating hyperplane. (a) A separating hyperplance with small margin,
(b) The optimal separating hyperplance with maximal margin. A better generalization
capability is expected from (b).

1.3.3 Fuzzy Logic
Fuzzy logic is derived from fuzzy set theory dealing with reasoning that is approximately
rather than precisely deduced from classical predicate logic [49]-[51].

It is a tool for

embedding human structured knowledge expressed in linguistic terms such as "young", "big",
"old", which is approximate and non-quantitative. Fuzzy logic attempts to model this aspect
of reasoning that goes in the human brain using a machine. It allows for set membership
values between zero and one, which express the degree of membership as opposed to crisp
logic.

In CBIR systems, user interpretation of visual content is, at times, uncertain or

imprecise.

Therefore, fuzzy logic is a natural way to model this imprecision of user

perception. The relevance of the retrieved image can be mapped into an interval [0,1] through
a fuzzy membership function.

This is in contrast to the binary logic employed by

conventional CBIR systems, where the relevance of the retrieved images is judged as either
"fully relevant" or "totally irrelevant".
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Evolutionary Computation

Evolutionary computation is a technique inspired by the process of biological evolution, i.e.,
"survival of the fittest" [52], [53]. They involve the study and development of algorithms that
simulate biological evolution of individuals via processes of selection and reproduction.
These processes depend on the so-called evolution fitness of the individuals as defined by the
environment. The goal of evolutionary computation is to create individuals that are solutions
to a problem of better fitness, in other words, better quality. Usually, they are used to solve
analytically nontractable or difficult problems. In the context of an optimization problem, an
evolutionary algorithm can be used by creating a population of potential solutions to the
optimization problem instead of a single solution as in traditional optimization techniques. At
each generation, the evolutionary algorithm involves a competitive selection of solutions
based on their fitness associated with the optimization problem. Solutions with high degree
of fitness will survive into the next generation and reproduce to generate new individuals.
This iterative cycle continues until the termination criteria are met. Evolutionary algorithms
are well suited for a wide range of combinatorial and continuous problems. In the case of
knowledge propagation for CBIR systems, we would like to find the set. of salient regions
from each image that shares the same semantic concept.

This can be formulated as a

combinatorial optimization problem. Evolutionary algorithms thus can be used to fmd the
solutions.

1.4 Contributions of Thesis
The maIn contributions of this thesis are development of efficient and effective image
retrieval systems USIng computational intelligence techniques, namely, neural networks,
support vector machines, fuzzy logic, and evolutionary computation. The frameworks are
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developed from low-level (color, texture, shape) to medium-level (regions of attributes) to
high-level (keywords, tags), which follow the structured levels of image content analysis as
shown in Figure 1.13.

Keywords, tags

Regions of attributes

Color, texture, shape

Images

Figure 1.13 Structured levels of image content analysis.

In Chapter 4, we propose a soft relevance framework to integrate the users' fuzzy
perception of image similarity into relevance feedback. It reconciles the dilemma of binary or
multi-level labeling by employing soft fuzzy decision instead of hard binary decision. We
introduce an a posteriori probability estimator to evaluate the relevance of the fuzzy images
labeled by the users.

A progressive fuzzy radial basis function network (PFRBFN) is

developed to learn the user's fuzzy perception of image relevance through soft-decision
labeling.
In Chapter 5, we develop a unified framework called pseudo-label fuzzy support vector
machine (PLFSVM) to perform content-based image retrieval. The PLFSVM integrates the
advantages of pseudo-labeling and FSVM for solving the small sample problem. In contrast
to most existing feedback approaches in CBIR systems that are concerned with only the
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labeled data, the proposed method exploits the unlabeled data to enhance the retrieval
performance. Previous studies have shown that some unlabeled images contain a certain
degree of statistical correlations with labeled images, and promising results can be achieved
when incorporating these unlabeled images for learning.

In this work, by studying the

characteristics of labeled images" we propose to use an unsupervised clustering algorithm to
select unlabeled images, which are called pseudo-labeled images. The relevance of these
pseudo-labeled images is estimated using a fuzzy membership function, and integrated into
fuzzy support vector machine (FSVM) for learning.
It is worth noting that Chapter 4 focuses on fuzzy perception of user feedback, where a
recursive network structure is designed to utilize the unique batch process of feedback to
reduce computational cost.

In contrast, SVMs are not effective in handling recursive-

structured classifier. Chapter 5 focuses on small sample problem, where the adoption of
SVMs will not be too computationally intensive as the number of samples is small. Different
considerations determine the utilization of different classifiers namely PFRBFN and SVMs in
Chapter 4 and Chapter 5 respectively.
Chapter 6 presents a new framework that integrates relevance feedback into RBIR
systems. It is designed for solving several important issues arising in RBIR systems such as
region-based image similarity measure, effective learning algorithms, and design of region
weight estimation schemes. A new variable-length radial basis function network (VLRBFN)
with progressive learning capability is proposed.
computational efficiency.

A main feature of VLRBFN lies in its

This is because the proposed recursive network structure reduces

the training time as only a small update network and its associated parameters need to be
estimated.
Chapter 7 investigates the new paradigm of online peer tagging which can be incorporated
into CBIR systems. The ultimate goal is to integrate the advantages of content- and keyword-
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based image retrieval algorithms while alleviating their respective difficulties. Related issues
are studied including HCI for image tagging, tag generation and formation, and tag clustering.
Due to the broad scope of online peer tagging, and the need for significant user participation
to perform comprehensive tagging, we mainly focus on knowledge propagation of keywords
in this study. It is a process to automatically assign or propagate keywords from a set of
manually annotated images to other unannotated images. The proposed knowledge
propagation scheme is based on image content analysis and training of keyword classifiers.

1.5 Organization of Thesis
The remainder of this thesis is organized as follows:
In Chapter 2, review of CBIR systems is presented.
In Chapter 3, the image features and two computational intelligence techniques, namely,
radial basis function (RBF) network and SVMs are introduced.
In Chapter 4, a soft relevance framework in CBIR systems is described. The proposed
notion of fuzzy relevance feedback is introduced. The developed PFRBFN framework is then
discussed in detail.
In Chapter 5, a unified framework that integrates the advantages of pseudo-labeling and

FSVM is presented to address the small sample problem. The unlabeled image selection and
pseudo-label estimation scheme are discussed. A fuzzy membership function is developed to
determine the implicit class membership of the pseudo-labeled images.
In Chapter 6, an efficient and effective relevance feedback approach in RBIR systems is
proposed. We discuss the structure of the developed VLRBFN and the clustering algorithm
used in network construction. The new region weight learning algorithm that determines the
relevance of the regions is presented.

The learning algorithm of the network is further
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explained.
In Chapter 7, we fITst explore the unique issues in peer tagging including HCI for image
tagging, tag generation and formation, and tag clustering.

The developed knowledge

propagation scheme is then presented.
In Chapter 8, we summarize the contributions of this thesis toward CBIR and discuss
future research directions.
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Chapter 2
Review of Content-based Image Retrieval

2.1 Overview
The rapid growth of image data has increased the demand for efficient access to them in many
applications, ranging from art galleries, digital libraries, biomedicine to military and
education. In view of this, content-based image retrieval (CBIR) has been developed as an
instrumental approach of accessing image data. It is designed to retrieve a set of desired
images from an image collection on the basis of visual content such as color, texture, shape
and spatial relationship that are present in the images. An interactive CBIR system involves
users' interactions by providing their judgement on the relevance of the retrieved results.
These feedbacks are then used by the systems to learn user information need.
interactive CBIR system architecture is illustrated in Figure 2.1.

A typical
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Figure 2.1 Interactive CBIR system architecture.

The main processing of an interactive CBIR system involves offline processing and online
querying.

Offline processing includes feature extraction, representation, and organization.

Online processing is the interaction between the user and the system. A user can browse
through the image·database and submit his/her initial query to the system through query-byexample (QBE). The system follows some search rules such as k-nearest neighbors (K-NN)
search and uses a similarity measure for matching the query with the images in the database,
and subsequently retrieves the K most similar images. The user provides his/her evaluations
by labeling each displayed image as either 'relevant' or 'irrelevant'. The system learns the
user's interests based on the feedback images. Each image in the database is then assigned a
similarity value based on the outputs of the trained classifier. According to the similarity
values of all the images in the database, a new ranked list of images which better approximate
the user's preferences is obtained and presented to the user. This feedback process iterates
until the user is satisfied with the retrieval results.
We will present major related works in CBIR in the remainder of this chapter. Section 2.2
reviews feature extraction and representation techniques, which are the basis of CBIR.
Section 2.3 describes the similarity measures used to assess the resemblance between images.
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In Section 2.4, relevance feedback in CBIR systems is reviewed, and the corresponding
fundamental issues are discussed.

In Section 2.5, issues related to RBIR systems are

presented. Section 2.6 provides a brief discussion on automatic image annotation (knowledge
propagation) for CBIR systems. Section 2.7 introduces performance evaluation measures in
CBIR systems.

2.2 Feature Extraction and Representation
Feature extraction and representation is a fundamental process in CBIR systems.

It is

concerned with the use of mathematical and quantitative methods for the description and
representation of image content. Color, texture, and shape are the most frequently used visual
features in current CBIR systems. Each feature may have several representations. No single
best representation exists for a given feature due to human perceptual subjectivity. Different
representations characterize different aspects of the feature. Table 2.1 lists some of the most
commonly used features and their corresponding representations.

Features

Representations

Color

Color histogram, Color moments, Color correlogram, Color sets

Texture

Co-occurrence matrix, Tamura texture, Wavelet transform

Shape

Fourier descriptor, Invariant moments

Table 2.1 Commonly used features and their representations in CBIR systems.

Color is an expressive attribute for describing image content, and is commonly used in
CBIR systems. Generally, color features are relatively easy to be extracted and matched.
Color histogram is one of the most widely used color feature representations [54]. It is a frrstorder descriptor for the representation of the global color distribution, derived by counting the
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number of pixels of each of given set of color ranges in a typically two-dimensional or three
dimensional color space.

Most color histogram approaches consider neither the color

similarity across different bins nor the color dissimilarity in the same bin, hence are sensitive
towards noise. Fuzzy color histogram (FCR) has been proposed to address this concern and
demonstrated improved performance over the conventional color histogram methods [55]. It
considers the color similarity of each pixel's color associated to all the histogram bins through
fuzzy-set membership function.

Color moments have been proposed to overcome the

quantization effects in color histogram [56]. They characterize the color distribution of an
image by its moments (mean, variance and skewness). Color correlgram has been proposed
as a kind of spatial extension of the color histogram. It is a second-order representation of
local color feature, which expresses how the spatial correlation of color changes with distance
[9], [57]. Color sets have been proposed as an alternative to color histogram [58]. They fIrst
perform a color space transformation and quantize the transformed color space into bins. A
color set is then defined as a selection of the colors from the quantized color space.
Texture is another powerful discriminating feature. The co-occurrence matrix [59] and
Tamura representation [60] are two popular texture features. Co-occurrence matrix explores
the gray level spatial dependence of texture. Based on the orientation and distance between
image pixels, a co-occurrence matrix is constructed, from which meaningful statistics can be
extracted as the texture representation. Some commonly used statistical features computed
based on the co-occurrence matrix include contrast, entropy, inverse difference moment,
energy, correlation, homogeneity, and angular second moment.

Tamura representation is

based on the psychological measurements corresponding to human visual perception of
textures. It characterizes texture by measures of coarseness, contrast, directionality, linelikeness, regularity, and roughness. Tamura representation is desirable in image retrieval as
all of its texture measures are visually meaningful. Other texture representations include
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Gabor transforms [61], wavelet transforms [62], [63], Markov random fields [64], and so on.
Wavelet moments and Gabor wavelet are both multi-resolution features to characterize the
image texture in the frequency domain.

Wavelet moments describe the global texture

properties of images using the energy of discrete wavelet transform (DWT) subbands. Gabor
wavelet offers flexibility in controlling the orientation and scale information.
Shape is one of the primitive features for image content description.

Shape content

description is a challenging task because it is difficult to define perceptual shape features and
measure the similarity between shapes. To make the problem more complex, shape is often
corrupted with noise, defection, arbitrary distortion and occlusion. Generally, there are two
types of shape representations: boundary-based (based on the outer boundary of the shape)
and region-based (based on the entire shape region). Common descriptors for boundary-based
shape representation include the chain code [65], Fourier descriptor [66], and the UNL 1
descriptor [67]. Region-based representation method is a more general shape description
technique than the boundary-based representation method. Some important and widely used
region shape descriptors are invariant moments [68], Zernike moments [69], and pseudoZemike moments [67]. Fourier descriptor and invariant moments are the two most popular
representatives for these two categories, respectively.

Fourier descriptor is formed by

applying Fourier transform to the object boundary and combining the Fourier transform
coefficients as the shape feature. Invariant moments are shape features that use region-based
moments which are invariant to translation, rotation and scale. Other shape representations
include finite element method [4], turning function [70], wavelet descriptors [71] and the
combined representations of several basic representations such as Fourier descriptor and
invariant moments.

1 Universidade

Nova de Lisboa

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

25

Chapter 2

2.3 Similarity Measures in CBIR Systems
Within the feature space, similarity measures are distance functions mapping the images
represented by feature vectors into numeric values which indicate the degree of (dis)similarity
between them [72].

Images returned at the top of the retrieval results have the highest

similarity with the query.
features used.

The selection of similarity measures depends on the types of

Some common similarity measures include the Ll norm (also known as

Manhattan distance or city-block distance) [73], L2 norm (or Euclidean distance) [74], the
weighted distance metric (or Mahalanobis distance) [75], histogram intersection [54], and
Earth Mover's Distance (EMD) [76]. However, all these distance functions do not necessarily
match human perceptual similarity at the semantic level. Some research has been done to
address this issue. Dynamic partial functions have been proposed to discover a perceptual
distance function by extensively mining the image data [77].

2.4 Relevance Feedback in CBIR Systems
Relevance feedback was introduced into CBIR systems to address the problem of mismatch
between the high-level concepts and the low-level visual features [2], [6], [7], [9]-[22]. The
user is incorporated into the retrieval systems to provide his/her evaluations on the retrieval
results. The systems then learn from the user feedback to retrieve a new set of images that
better satisfy the user information need.

Figure 2.2 illustrates how a typical relevance

feedback approach works. First, the retrieval system presents a set of images to the user. The
user evaluates which ones are close to what he/she is looking for, marks them as relevant or
irrelevant, and returns these feedbacks to the system. In turn, the system learns from user's
feedbacks and selects the next set of images to be displayed. We can see that with relevance
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feedback, the new set of images shows more relevant ones (in this case, the user is looking for
images of lions). This iterative process continues until the user is satisfied with the retrieval
results.
Initial retrieval result

~isplay

~User feedback!

/

User feedback

~

,ystem learning

•

1:;
l\.

User feedback

Figure 2.2 Illustration of relevance feedback process.

2.4.1 Previous Work on Relevance Feedback
Many relevance feedback algorithms have been adopted in CBIR systems and demonstrated
considerable performance improvement [2], [6], [7], [9]-[22]. Some well-known methods
include query refinement [2], [12], feature reweighting [9], [10], statistical learning [7], [13],
[14], SVMs [15]-[17], and neural networks [18]-[20].
Query refinement and feature reweighting are two widely used relevance feedback
methods in CBIR.

Query refinement tries to reach an optimal query point by moving it

towards relevant images and away from the irrelevant ones.
implemented in many CBIR systems.

This technique has been

The best-known implementation is the MARS

(Multimedia Analysis and Retrieval System) [2].

Reweighting aims at emphasizing the

feature components that help to retrieve relevant images, while de-emphasizing those that
hinder this process by updating the weights of the feature vectors.

It uses heuristic
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formulation to adjust the weight parameters empirically.
Statistical learning has been developed to incorporate the users' feedbacks by modeling
the probability distribution of images in the database [7], [13]. Bayesian classifiers have also
been developed to perform retrieval based on the feedback samples in [14].

Positive

examples are used to estimate a Gaussian distribution that represents the desired images for a
given query, while the negative examples are used to modify the ranking of the retrieved
candidates.

Another popular method in CBIR is centered on SVMs.

SVMs utilize the

samples near the boundary as the support vectors to minimize the classification errors.
Radial basis function (RBF) networks have been used to determine the nonlinear
relationship between features so that a more accurate similarity comparison between images
can be supported [18].

An adaptive radial basis function network (ARBFN) has been

proposed for interactive image retrieval [20]. It characterizes the query by multi-class models,
an inherent strategy of local modeling, and associates those relevant (positive) samples as the
models. The irrelevant (negative) samples are then used to modify the multi-class models in
such a way that the models are moved slightly away from the irrelevant samples.

2.4.2 Relevance Judgement in CBIR Systems
Conventional relevance feedback restricts users to binary labeling of feedback images, namely,
the images are determined as either "fully relevant" or "totally irrelevant" [2], [9], [12]-[15],
[17], [20]. This feedback process is based on hard-decision as to whether the retrieval results
satisfy the user requirement. There are some works which provide the ability to have threeoption classification by ignoring the "neutral" images. On the other hand, multi-level labeling
categorizes the positive and negative examples into several discrete levels of (ir)relevance
[10], [11], [22].
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2.4.3 Active Learning
Active learning is designed to achieve maximal information gain or minimize uncertainty in
decision making [78]. It selects the most informative samples to query the users for labeling.
Some recent work on the application of active learning in image retrieval can be found in [7],
[15], [79], [80]. Among the various active learning techniques, SVM-based active learning is
one of the most promising methods currently available [15], [79]. It aims to select samples
that maximally reduce the version space of SVM. It selects samples that are closest to the
current SVM decision boundary as the most informative points. Samples that are farthest
away from the boundary and on the positive side are considered as the most relevant images.

2.4.4 Incorporating Unlabeled Images into CBIR Systems
Despite the previous works on relevance feedback for CBIR systems, it is still a challenging
task to develop effective and efficient interactive mechanisms to yield satisfactory retrieval
performance. One of the main issues associated with relevance feedback is the small sample
problem. This is because users usually do not have the patience to label a large number of
images. Therefore, the performance of relevance feedback methods is often constrained by
insufficient training samples. To deal with this problem, some works have been done to
incorporate the unlabeled data to improve the learning performance.
Discriminant Expectation Maximization (D-EM) algorithm has been introduced to
incorporate the unlabeled samples to estimate the underlying probability distribution. [21].
Transductive support vector machine (TSVM) for text classification has been proposed to
tackle the problem by incorporating the unlabeled data [81]. It has also been applied for
image retrieval [79]. The method proposes to incorporate unlabeled images to train an initial
SVM, followed by standard active learning. Incorporating prior knowledge into the SVM has
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also been introduced to resolve the small sample problem [82].

2.5 Region-based Image Retrieval
Region-based image retrieval (RBIR) systems have been developed to represent images at the
object level to achieve higher retrieval accuracy [5], [23]-[27].

They utilize image

segmentation to decompose images into regions, and then perform comparison of image
similarity based on the local features extracted from the constituent regions.
feedback is traditionally used in CBIR systems that use global features.

Relevance

There are still

relatively few works that incorporate it in the RBIR systems. Nevertheless, some preliminary
works have been done to combine RBIR with relevance feedback to improve the retrieval
performance. A typical interactive RBIR system architecture is illustrated in Figure 2.3.

Hnd

Feature

Extracti()n

Creation

I, ---------------------

I
I
I
1

Figure 2.3 Interactive RBIR system architecture.

2.5.1 Similarity Measures in RBIR Systems
An important issue in RBIR systems is the definition of image similarity measure, which can
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be broadly divided into region-to-region and image-to-image similarity measures. In RBIR
systems that use individual region-to-region similarity measures [23], [25], the users are
provided with the segmented regions of an image and asked to select (i) the regions used for
image comparison, (ii) the features (color, texture, shape) used for region matching, and (iii)
sometimes even the relative weights of the features or regions. Such systems obviously place
unreasonable workload on the users, and therefore are not widely adopted. Ideally, we would
like to have automatic schemes that can identify the significance of each image region, and
make meaningful comparisons between two region-based images. However, automatic yet
accurate algorithms for extracting meaningful objects from images are difficult to achieve in
practice. For instance, inaccurate segmentation may result in an object being partitioned into
several regions with none of them being representative of the object (over-segmentation in
Figure 2.4(a)). It may also produce insufficient separation of an object from the background
(under-segmentation in Figure 2.4(b)).

(a)

(b)

Figure 2.4 Imperfect image segmentation. (a) Over-segmentation, (b) Under-segmentation.

To reduce the amount of inputs from the users and the impact of inaccurate segmentation,
image-to-image similarity measures that combine information from all of the image regions
have been proposed. This includes integrated region matching (IRM) [24], unified feature

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 2

31

matching (UFM) [26], and EMD [76]. IRM defines the similarity measure as a weighted sum
of region-to-region distances.

The weighting matrix is determined based on significance

constraints and a most similar highest priority (MSHP) principle. UFM is a region-based
fuzzy feature matching approach. In UFM, each region is represented as a multidimensional
fuzzy feature to characterize the gradual transition between regions (blurry boundaries). The
similarity between two images is then defined as the overall similarity between two sets of
fuzzy features. EMD computes the distance between two distributions, which are represented
by sets of weighted features that capture the distributions. Intuitively, the EMD measures the
least amount of work needed to transform one image distribution into the other, which can be
solved as a linear optimization problem.

2.5.2 Relevance Feedback in RBIR Systems
Existing feedback methods in RBIR systems can be mainly categorized into query point
movement (QPM) [29], [30], feature and region reweighting [31]-[33], SVMs [29], [30], [34],
multiple instance learning (MIL) [35], [36], and statistical learning [37], [38].
QPM tries to find the ideal query model by assembling the segmented regions of relevant
(positive) samples together, reweighting the regions and forming a pseudo image as the new
query. It does not take into account both the irrelevant samples and spatial arrangements of
the regions, hence leading to potential underutilization of the information available.
Reweighting methods assume unequal emphasis is placed on the regions or features of
different objects. Therefore, the contribution of regions to the image similarity should be
weighted by their relative importance.

Under this consideration, both heuristic [31] and

optimal weight learning schemes [32], [33] for determining the region relevance have been
developed.
Another class of approaches in RBIR is centered on SVMs. SVMs have been employed
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as a binary classifier that separates the relevant images from the irrelevant ones. A new kernel
function which is a generalization of the Gaussian kernel is proposed for the SVM-based
algorithms [29], [30]. The results are promising, but the computational complexity can be
significant for large databases.
In the scenario of MIL in RBIR systems, each image is viewed as a bag, which contains a

f

number of instances corresponding to the regions.

Labels (relevant or irrelevant) of

individual instances in the bags are unavailable. MIL assumes that a bag is labeled as relevant
if at least one of its instances is relevant; otherwise, the bag is labeled as irrelevant. The goal
of MIL is to generate a mapping function from the training samples to predict the labels of the
unseen images.
Statistical learning has been developed to address the hidden semantic concept discovery
in the database [37], [38].

A probabilistic model is constructed and analyzed by the

Expectation Maximization (EM) technique to discover the latent semantic concepts.

The

model is then integrated into the similarity measure for effective image retrieval.

2.6 Automatic Image Annotation
Keywords are the best descriptors for image semantics. However, full manual annotation of a
complete database is often tedious and expensive. To address this difficulty, automatic image
annotation has been proposed to automatically assign textual descriptors in the form of
keywords or tags to unannotated images. It works by fITst manually annotating a subset of
images with keywords. The correlation between image visual features and keywords is then
learned from the annotated images. The learned correlation is used to propagate the keywords
to the unannotated images.
Previous works on automatic image annotation can be divided into two main categories:
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model-based and classifier-based [83]-[91].

A number of model-based approaches use

associations between keywords and image regions [83]-[88].

A co-occurrence model is

utilized to perform automatic image annotation [83]. It looks at the co-occurrences of words
with image regions created by using a regular grid.

The translation model views image

annotation as a machine translation procedure to translate from a vocabulary of blobs to a
vocabulary of keywords [84].

The cross-media relevance model (CMRM) assumes that

images may be described from small vocabulary of blobs and learns the joint distribution of
blobs and words from a training set of annotated images [85].

Standard latent semantic

analysis (LSA) and probabilistic latent semantic analysis (PLSA) have been applied for
automatic image annotation by introducing latent variables to link image features with words
[86]. Extended from Latent Dirichlet Allocation (LDA) model [87], the correspondence LDA
model assumes that a Dirichlet distribution can be used to generate a mixture of latent factors,
which is used to generate words and blob features [88].
The classification-based approaches learn a set of classifiers for annotating images [89][91]. A content-based soft annotation (CBSA) approach is proposed for image annotation
[89]. The procedure starts with annotating a small set of training images with one single
keyword provided for each image. An ensemble of binary classifiers is then trained to predict
keyword membership for images.

The trained classifiers are utilized to propagate soft

keywords with associated keyword membership factors to the unannotated images. Bayes
point machine (BPM) and SVM have been employed as the binary classifiers for CBSA. A
two-dimensional multi-resolution hidden Markov model (2D MHMM) has been proposed to
annotate images [90]. Each category of images in the image database is annotated with a few
words and is referred to as a concept. A 2D MHMM is employed to profile each category.
Given a new image, the similarity between this image and a category is assessed by its
likelihood under the profiling model. Categories are then ranked by the likelihoods of the
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image under their profiling 2-D MHMMs.

Candidate annotation words are selected from

those used to describe the top ranked categories. Statistically significant keywords are used to
annotate the image. A confidence-based dynamic ensemble (CDE) scheme has been proposed
to annotate images [91]. It employs one-class, two-class and multi-class SVMs to perform a
three-level classification.

At the base leve~ CDE uses one-class SVM to characterize a

confidence factor, which is used to assert the correctness of a class prediction made by a
binary SVM classifier. The confidence factor is then propagated to the multi-class classifiers
at subsequent levels.

,r

s

\

"

2.7 Performance Evaluation
Performance evaluation is a difficult yet crucial issue in CBIR.

Most CBIR systems use

performance evaluation techniques developed in information retrieval community. We have
adopted the commonly used performance measure called retrieval accuracy (RA) to evaluate
the retrieval system [14], [92]:

Retrieval accuracy== relevant images retrieved in top T returns
T

(2.1)

where T is the number of retrieved images. Further, in order to complement the performance
measure of RA, another robust performance metric namely precision-vs-recall (PR) has also
been adopted in the thesis [93]. The definitions of precision and recall are given as follows:

..
number of relevant images retrieved
Pr e c l s l 0 n - - - - - - - - - - - - - - total number of images retrieved
number of relevant images retrieved
R eca11------------~-----total number of relevant images in the database

(2.2)

(2.3)

Precision and recall are usually presented as precision versus recall (PR) graph to evaluate the
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retrieval performance. They can indicate the retrieval effectiveness quite well since they
include information about images that are not retrieved in top ranked images or images that
are not shown to the users.
Other measures include rank of the best match [94], average rank of the retrieved relevant
images [95], error rate [96] and so on. Relevance judgement of images could be based on
some predefined ground truth, which is considered as objective performance measures. On
the other hand, because of subjective human perception of image similarity, subjective
measures that integrate users into the evaluation process are useful to assess the performance
of a retrieval system.
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In this chapter, we introduce the image features and two computational intelligence
techniques, namely, radial basis function (RBF) network and support vector machines (SVMs).

3.1 Image Content Description
The features and their representations used in image retrieval are application dependent. We
have explored a large variety of important features (color, texture, and shape) and their
corresponding feature representations for our general-purpose image retrieval systems. We
have found that color and texture are the most effective features in our studies. For shape
features, it has been found that they do not consistently produce good results especially on
those images without clear foreground objects. Therefore, only color and texture features are
employed in this work. For each feature, multiple representations exist which characterize
different aspects of the feature. There is no single representation for a given feature that best
represents the human perceptual similarity. Consistent with the studies reported in previous
literature, the following feature representations are employed in this work and they have been
shown to be effective in our retrieval systems. They are color histogram [54], color moments

[56] and color auto-correlogram [9] as the color feature representation, and wavelet moments
[62] and Gabor wavelet [61] as the texture feature representation.
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Color histogram, representing the fIrst-order color distribution in an image, is one of the
most widely used color descriptors. It is easy to compute, invariant to rotation, translation,
and viewing axis.

We implement the color histogram by fIrst converting the RGB

representation of each image into its HSV equivalence. Then, each H, S, V component is
uniformly quantized into 8, 2, 2 bins respectively to get a 32-dimentional feature vector.
Color moments have been proposed to overcome the quantization effects in color
histogram. It characterizes the color distribution of an image by its moments (mean, variance
and skewness). In this study, the fIrst two moments (mean and variance) from the R, G, B
color channel are extracted as the color feature representation to form a 6-dimensional feature
vector.
Color auto-correlogram is a two-dimensional spatial extension of color histogram. Color
histogram does not provide any spatial information, therefore images with similar histograms
may have different appearances. Color correlogram integrates spatial information with the
color histogram by constructing a color co-occurrence matrix indexed by color pairs and
distance, with each entry (i, j) representing the probability of finding a pixel of color j at a
distance k from a pixel of color i. The storage requirement for a co-occurrence matrix is
significant, therefore only its main diagonal is computed and stored, which is known as color
auto-correlogram. The auto-correlogram of the image I for color Ci , is given as:

(3.1)

where PI is a pixel of color Ci in the image I, P2 is another pixel of the same color Ci
with a distance of k away from Pl' Dg distance (chessboard distance) is chosen as the
distance measure: Dg (p, q) = max(1 Px

-

qx I,I P y

-

qy I), which is the greater distance in the x-

or y-direction.

~-
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Wavelet moments describe the global texture properties of images using the energy of
discrete wavelet transform subbands. It is a simple wavelet-transform feature of an image that
is constructed using the mean and standard deviation of the energy distribution at each
decomposition level. This in turn corresponds to the distribution of "edges" in the horizontal,
vertical, and diagonal directions at different resolutions. In this study, the Daubechies wavelet

)r
~e

B

'e

Ir

s

e

i

transform with a three-level decomposition is employed. At each level, it decomposes a 2D
signal into four subbands, which are often referred to as LL, LH, HL, and HH according to
their frequency characteristics (L

= Low, H = High). In this work, the wavelet transform

recursively decomposes the LL subband.
decomposed.

The LH, HL, and HH subbands are not further

Thus, a three-level decomposition yields ten subbands as shown in .Figure

3.1(i.e., LLk(m), LHk(m), HLk(m), and HHk(m), where k

=

1, ... 3 denotes the decomposition

level and m = 0, ... , 9 is the index of the subbands). For each subband, the mean and standard
deviation of the transform coefficients are computed.

This results in a feature vector of

10*2=20 dimension.

1

LL3(O) LH3(l)

LH2(4)

Level 3
HL3(2) HH3(3)

Level 2

Levell

HL2(5)

LHl(7)
HH2(6)

HLl(8)

HHl(9)

Figure 3.1 Illustration of wavelet transform using a three-level decomposition
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Gabor wavelet is widely adopted to extract texture features, and has been shown to be
very efficient. Basically, Gabor filters are a group of wavelets, with each wavelet capturing
energy at a specific frequency and a specific direction. Expanding a signal using this basis
provides a localized frequency description, therefore capturing local features/energy

0

f the

signal. A 2-D Gabor function g(x,y) is defined as:

(3.2)

The self-similar functions are obtained by appropriate dilations and rotations of g(x,y)
through the generating function:

gmn(x,y) = a-mg(x',y')
x' = a-m(xcosOn + ysinOn)
y' = a-m(-xsinOn + ycosOn)

(3.3)

where a > 1, m and n specify the scale and orientation of the wavelet respectively, W is the
modulation frequency.

The half peak radial bandwidth is chosen to be octave, which

determines

In this study, Gabor wavelet filters spanning four scales: 0.05, 0.1,

(Jx

and

(Jy.

0.2 and 0.4 and six orientations: 00 = 0, 0n+l = On + 1C/6 are used. For a given image I(x,y) ,
its Gabor wavelet transform is defined by:

(3.4)
where

* denotes

complex conjugation. The mean and standard deviation of the transform

coefficient magnitudes are used to form a 48-dimensional feature vector.
The extracted features are summarized in Table 3.1.
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be
Features

Description

Dimension

HSV space is chosen, each H, S, V component is
uniformly quantized into 8, 2 and 2 bins respectively.

32

The chessboard distance is chosen as the distance measure.
The image is quantized into 4x4x4=64 colors in the RGB
space.

64

Color moments

The first two moments (mean and standard deviation)
from the R, G, B color channels are extracted.

6

'Gabor wavelet

Gabor wavelet filters spanning four scales: 0.05, 0.1,
0.2 and 0.4 and six orientations: (}o = 0, (}n+l =(} + n /6
are applied to the image. The mean and standard deviation
of the Gabor wavelet coefficients are used to form the
feature vector.

48

Wavelet moments

Applying the wavelet transform to the image with a 3-level
decomposition, the mean and the standard deviation of the
transform coefficients are used to form the feature vector.

20

mg
Color histogram
SIS

:he

Color auto-correlogram

2)

v)

3)

Table 3.1 Image features used in the experiment.

There exist two main feature fusion methods in the context ofCBIR. The fIrst approach

le

consists of two stages. The fIrst stage is to perform similarity matching on individual features

h

l,

(color, texture or shape, etc.).

The second stage is to make a fusion by combining the

individual matching scores to obtain the overall similarity [10] [11] [18].
(linear or nonlinear relationship) are used for combining multiple features.

Often, weights
The weights

represent the importance of the individual features in the computation of a similarity metric.
With user's relevance feedback, weights can be automatically updated to reflect the user's
perception subjectivity.

The second feature fusion method is to concatenate multiple

individual features to form an overall new feature vector and performing similarity matching
using the generated new feature vector [17] [20] [22].

When combining heterogeneous

features into one overall feature vector, feature normalization is necessary.

Gaussian

normalization is commonly used to provide equal emphasis on each feature component [10].
In this work, we adopt the second feature representation method.
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After all the color and texture features have been extracted offline, we concatenate the
feature elements from all the individual features (color histogram, color moments, color autocorrelogram, wavelet moments and Gabor wavelet) into an overall feature vector with a
dimension of 170. In CBIR systems, the dimensionality of the feature vectors is usually in the
order of10 2 • We have tried employing the well-known dimensionality reduction technique
such as principal component analysis (PCA) to reduce the dimension of the feature vectors
[44]. However, some degradation in retrieval performance has been observed. The reasons
may be that some important discriminating information is lost during the dimensionality
reduction. Therefore, the dimension of the feature vectors remains unchanged in this work.
This is also consistent with other works that keep the dimensions of the feature vectors
unchanged [20][22].

3.2 Radial Basis Function (RBF) Network
Radial basis function (RBF) networks emulate the behavior of certain biological networks
[44], [97]-[99]. The standard RBF network consists of an input layer, a hidden layer and an
output layer with feed forward architecture. The RBF network with a single output neuron is
shown in Figure 3.2.

__________________1...
it
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Figure 3.2 The architecture ofRBF network with a single output.

The input layer has a set of P units, which accept the elements of a P-dimensional input
feature vector x = [Xl' ... , X p]T

E

iR P • The input units are connected to the hidden layer with r

cs

hidden units which are referred to as the RBF units. Connections between the input and the

.n

hidden layer have unit weights. The responses of the hidden layer neurons are locally tuned

lS

to some region of the input space and decrease as function of the distance of inputs from the
neuron's receptive field center. The operation of the hidden layer neuron can be described as
<1>(11 x - ci II), where ci

= [c il , ... , CiP]T E iR P is the center of neuron i; <1>(-) is the basis function

of the network defining the activations of the hidden units;

11-11

denotes the Euclidean norm

(distance) between the input vector and the center of the RBF unit. Among the possible
choices of radial basis functions for RBF networks, Gaussian function is the most common
one. Gaussian function is desirable for its capability in generalizing a global mapping and its
effectiveness in refining local features without much altering the learned mapping. Gaussian
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function is also chosen in this work and defined as follows:

(3.5)

where

(Ji

is the width of the ith RBF unit. The RBF units are fully connected to the output

layer. The output layer unit implements a linear combination of responses of the hidden layer
neurons. In this structure, the output of the RBF neural network can be described by:

m

I(x) =

L wi<D(11

X

-c i II)

i=l

where m is the number of hidden layer neurons.

(3.6)

Wi

is the output connection weights that

connect the hidden and the output layer.
The parameters of the RBF networks need to be estimated through training algorithms.
For a Gaussian function-basedRBF network, training of RBF neural networks involves
determining the center, width of the hidden layer neurons and output connection weights.
Many training algorithms have been designed, most of which correspond to supervised
training or a hybrid of unsupervised and supervised training.

We will introduce a few

schemes in the design of an RBF network depending on how RBF neuron centers are
determined [44].
The simplest learning strategy for the RBF network is to randomly select a subset of the
training data as the fixed RBF centers. For the radial basis functions themselves, an isotropic
Gaussian function may be used whose standard deviation is fixed according to the spread of
the centers:
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(j

:5)

lut

=

dmax
.J2N

where d max is the maximum distance between the selected centers.

(3.7)

Such a width

determination scheme avoids some extreme conditions such as spiky or flat Gaussian
function. Alternatively, we may also use individually scaled centers with broader width in

'er
areas of low data density, and narrower width in areas of high density. Once centers have
been fixed, the output connection weights can be directly estimated by using the
pseudoinverse method.

6)

The random selection method is easy to implement. However, it cannot guarantee a good
coverage of the input space unless a large number of training samples is used. One way to

at

overcome this problem is to use a two-stage hybrid learning procedure. In this approach, a
self-organized learning process is fITst used to estimate the locations for the centers of the

s.

:s

~.

d

v

e

radial basis functions by placing the centers in only those regions of the input space where
significant data are presented. Standard K-means clustering method can be used to associate a
representative cluster prototype to each RBF unit. Next, the linear weights of the output layer
are estimated by a supervised learning stage, where the least mean square (LMS) algorithm
can be used.
Another training algorithm is optimization-based selection of centers. In this approach,
the centers of the basis functions and all other free parameters of the network are updated by

~

applying a supervised learning process. Gradient descent-based nonlinear optimization can be

."

used for such a process by minimizing the mean squared error between the desired output and
f

the actual output of the network. First, the criterion to be optimized is defined as:

E=!2 i:.e~
j=l

(3.8)
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Where N is the number of training samples, and ej is the error signal between the desired
output

~

and actual network output !(x j ) for an input sample x j

:

1

(3.9)

By minimizing the cost function E using gradient descent learning, we can obtain all the

parameters of the RBF network. The gradient descent-based optimization can be summarized
as follows:
(i)

Weight estimation at the n-th learning iteration:

(3.10)

(3.11 )

(ii)

Center estimation at the n-th learning iteration:

(3.12)

i=I,2, ... ,m

(3.13)

(iii) Width estimation at the n-th learning iteration:

(3.14)

i = 1,2, ... ,m

(3.15)

a
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(iv) Repeat steps (i)-(iii) until convergence or a maximum number of iterations is
reached.
The term ej (n) is the error signal of the j-th training sample x j at the n-th learning iteration,
and 111' 112 and 113 are learning parameters for

Wi' Ci ,

and

(J'i'

respectively.

he

3.3 Support Vector Machines (SVMs)

~d

)

)

Support vector machines (SVMs) are powerful learning machines introduced by Vapnik based
on the idea of structural risk minimization (SRM) [46]-[48]. They have been applied to many
fields of application including text classification, speech recognition, data mining and
communication, and shown to outperform traditional learning machines. The basic idea of
SVMs for binary classification is to find an optimal separating hyperplane that maximizes the
margin between two classes in a kernel-induced feature space. Let S == {(Xi'Yi)};=l be a set of

n training samples, where

Yi

E

Xi E

{-I, I} is the class label of

Xi

ilt P is a P-dimensional sample in the input space, and
for i == 1'.00' n. SVMs fITst map the input data into a high-

dimensional feature space through a mapping function z == cp( x) and finds the optimal
separating hyperplane with minimal classification errors in this space. The hyperplane can be
represented as:

woz+b==O

(3.16)

where w is the normal vector of the hyperplane, and b is the bias which is a scalar.

In

particular, the set S is said to be linearly separable if the following inequalities hold for all
training data in S:
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W'Z i +b 21,
{ w,z +b ~ -1,

ifYi = 1
ifYi =-1

i

i = 1, ... ,n

(3.17)

For linearly separable case, the optimal hyperplane can be obtained by maximizing the margin
of separation p between the two classes, where p = _2_. The construction of the optimal

Ilwll

hyperplance is illustrated in Figure 3.3.

Figure 3.3 The optimal separating hyperplane w· Z + b = 0 with maximal margin _2_ .

IIwll

Maximizing the margin leads to solving the following constrained optimization problem:

2

. . . -111 w 11
mInImIze
2
subject to Yi(W' Zi + b) 21,

(3.18)

i = 1, ... ,n

This optimization problem can be solved by quadratic programming (QP). However, for the
linearly non-separable case where the inequalities in (3.17) does not hold for some data points
in S, a modification to the original SVM formulation can be made by introducing nonnegative
variables {~i}:l' In this case, the margin of separation is said to be soft. The constraint in
(3.17) is modified to:
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Yi(w,zi+b)~I-gi'

3.17)

i=I, ... ,n

(3.19)

The {~i};=1 are called slack variables. They measure the deviation of a data point from the

argin
idea condition of pattern separability.

Misclassifications occur when gi > 1. The optimal

timal
separating hyperplane is then found by solving the following constrained optimization
problem:

minimize

!..llwW + C:t~j
2

(3.20)

i=1

subjecttoYi(w,zi+b)~I-gi'

gi ~O,

i=I, ... ,n

where C is the regularization parameter controlling the tradeoff between margin maximization
and classification error. Larger value of C produces narrower-margin hyperplane with less
misclassifications.

The optimization problem can be transformed into the following

equivalent dual problem using Lagrange multipliers:
n
1 n n
maximize Lai --LLaiajYiYjZi oZj
i=1
2 i=l j=l
n

subject to LYiai = 0,

i=l

0::;; a i ::;; C,

(3.21)

i = 1, .. . ,n

l:

where a i is the Lagrange multiplier associated with the constraints in (3.19). According to

l8)

the Kuhn-Tucker (KT) condition [100], the fo llowing equalities hold:

ai[Yi(w Zi + b) -1 +~i] = 0,
0

i = 1, .. .,n

(3.22)

he

(C -ai)~i = 0,

lts

i = 1, ... ,n

(3.23)

ve

ai

In

called support vectors. The optimal solution for the weight vector w is a linear combination

is nonzero only if Yi(w . Zi + b) = 1- ~i' The data points that correspond with a i > 0 are

of the training samples which is given by:
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n

(3.24)

w== LaiYiZi

i=l

The optimal bias b can be determined from the KT condition in (3.22) by taking any data
point

Zj

with 0 < a j < C. The decision function of the SVMs can then be obtained as:

n

n

I(x)==w·z+b== LaiYizi' Z + b == Laiy/p(x;).cp(x)+b
i=l
i=l

(3.25)

It is noted that both the construction of the optimal hyperplane in (3.21) and the evaluation of
the decision function in (3.25) only require the evaluation of dot products cp(xi),cp(x j ) or

cp(X i )· cp(x). This implies that we do not necessarily know about cp in explicit form. Instead,
a function K(-,.) called kernel function is introduced that can compute the inner product of
two data points in the feature space, i.e. K(x p x) == cp(x i ), cp(x) . Functions that satisfy the
Mercer's theorem can be used as kernels [44]. There are three common types of kernels used
in SVMs including polynomial kernel, radial basis function kernel and sigmoid kernel. Using
this kernel trick, the dual optimization problem in (3.21) becomes:

(3.26)

n

subject to LYiai == 0,
i=l

0 ~ a i ~ C, i == 1, ... ,n

And we can construct the optimal hyperplane in the feature space without having to know the
mapping cp:

n

I(x) == LaiYiK(Xi' x) + b
i=l

(3.27)

'~i

1
;,~',:
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Chapter 4

Soft Relevance Framework in Interactive
Content-based Image Retrieval

4.1 Introduction
An important aspect in the formulation of relevance feedback in CBIR is the consideration for
the potential imprecision of user perception during the feedback process. Current relevance
feedback methods employ binary labeling approach, namely, the users have to classify an
image either as "fully relevant" or "totally irrelevant" [2], [9], [12]-[ 15], [17], [20]. This
hard-decision approach is inconsistent with the nature of human visual perception, which
tends to be uncertain at times. An example of such a scenario occurring in image retrieval can
be seen in Figure 4.1, where the user submits the query of a red flower with the intention to
locate some flowers and in particular red flowers. The retrieval results contain red flowers,
yellow flowers, and other objects. Obviously, the user will mark the red flowers as relevant,
the non-flower images as irrelevant. However, uncertainties arise in the cases of yellow
flowers since they satisfy, up to a certain extent, the information need of the user. If a harddecision has to be made on the yellow flowers, the user will face the dilemma whether to
classify them as either fully relevant or totally irrelevant. It reflects the uncertainty embedded
in the decision-making process. Such a decision can affect the outcome of the subsequent
retrieval results. If the user marks the yellow flowers as relevant, what he/she really implies
is that they satisfy his/her information need up to a certain extent. Therefore, the matching
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degree cannot be specified by the user with binary labeling.
In contrast, multi-level labeling categorizes the feedback samples into several discrete
levels of (ir)relevance [10], [11], [22]. This technique, however, is both cumbersome as well
as tedious as the users need to classify every image into one of the multiple levels. This
conflicts with the uncertainty embedded in human perception.

A user is more inclined

towards using expressions such as "this image is more or less relevant" or "this image is more
relevant than that one".
Query

Retrieval result

x
Figure 4.1 Scenario of user ambiguity occurring during the feedback process.

In view of this, we propose a soft relevance framework to integrate the users' fuzzy
perception of image similarity into relevance feedback.

In addition to the conventional

"relevant" and "irrelevant" labels, a third "fuzzy" option is incorporated into the feedback
mechanism. Users can select a displayed image as fuzzy if they are ambiguous about its
relevance.

The new scheme reconciles the dilemma of binary or multi-level labeling by

employing soft fuzzy decision instead of hard binary decision. We introduce an a posteriori
probability estimator to evaluate the relevance of these fuzzy images. A progressive fuzzy
radial basis function network (PFRBFN) is developed to learn the user information needs,

_________________L
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where a recursive network structure is designed to utilize the unique batch process of
feedback to reduce computational cost. A main feature of PFRBFN lies in its computational
efficiency as only the parameters of a small update network need to be estimated in each
feedback iteration.
The organization for the rest of this chapter is outlined as follows. Section 4.2 introduces
the proposed notion of fuzzy relevance feedback. In Section 4.3, we discuss the proposed
PFRBFN framework. The user interface is first described. The structure ofPFRBFN and the
clustering algorithm used in network construction are then provided. We further explore the
proposed a posteriori estimator which is developed to determine the soft relevance
membership function of the fuzzy images. The learning algorithnl of the network is then
explained in detail.

In Section 4.4, experimental results using the proposed method are

discussed and compared with other techniques.

Finally, concluding remarks are given in

Section 4.5.

4.2 Fuzzy Relevance Feedback in CBIR
4.2.1 Hierarchical User Information Priority
Often users have multiple levels of information needs, which can be abstracted into an
information hierarchical structure given in Figure 4.2 [101]. In the figure, we illustrate a
three-level hierarchy consisting of the primary, secondary, and tertiary focuses. The primary
focus is the general object or topic that a user is looking for, the secondary focus can be
considered as important attributes that characterize the objects, while the tertiary focus in tum
refers to less prominent properties.

Focuses at various levels have different degrees of

importance, and therefore do not contribute equally to the user information need. It is worth
noting that the hierarchical tree structure of user information need has been adopted in this
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work to illustrate potentially different levels of priority, overlapping interests, and fuzzy
interpretation of visual contents. It does not imply that user information need can be divided
into three levels of interests as this contradicts with the argument that user perception of
image similarity is ambiguous.

In this case, a three-level structure is adopted simply to

demonstrate that the user information need is hierarchical, or in other words, prioritized in
nature. There is no specific number of layers in the information-priority structure.
User interpretation of visual content is, at times, uncertain or imprecise as it tends to vary
with respect to different users and circumstances. In other words, the human perception of
visual content is fuzzy in nature, and maybe nonstationary under different conditions. In most
current interactive CBIR systems, the users are asked to make a binary labeling on each
feedback image.

Binary labeling is a hard decision approach which is inappropriate in

addressing the issue of fuzzy perception. Using the same example in Figure 4.1, a user may
be looking for red flowers in a database. Based on the perceptual model in Figure 4.2, the
user may have a primary focus of "flowers" object, and a secondary focus of "red color"
attribute. If binary labeling is adopted, the user would encounter a dilemma as to whether a
given yellow flower should be classified as "fully relevant" or "totally irrelevant", since the
yellow flower satisfies the primary but not the secondary need. Therefore, the binary crisp
labeling cannot resolve this dilemma adequately.
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v
Focus

f

Figure 4.2 Hierarchical structure of user information priorities.

4.2.2 Fuzzy Relevance Feedback
As pointed out in the earlier discussion, binary labeling cannot handle the inherent uncertainty
of visual perception. Fuzzy logic, on the other hand, provides a more natural and flexible way

in expressing the user interpretation of image similarity. In view of this, we propose a new
soft relevance paradigm which integrates the users' fuzzy perception of image similarity into
the framework of relevance feedback.

Apart from the conventional "relevant" and

"irrelevant" labeling, a third "fuzzy" option is incorporated into the feedback mechanism. As
opposed to making the hard binary decisions, the new approach allows soft-decisions to be
made on the similarity of the retrieval results. There are some works which provide the
ability to have three-option classification. However, it is worth noting that under this setting,
the methods ignore the "neutral" images and do not attempt to evaluate the relevance of these
images, hence leading to potential underutilization of the information available.
We develop an a posteriori probability estimator to detennine the soft relevance
membership function for each fuzzy image.

These estimates are combined with those
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originating from the relevant and irrelevant samples to train a classifier. A PFRBFN is then
constructed progressively to learn the user information needs.

A two-stage algorithm

consisting of subtractive and fuzzy C-means clustering is employed to estimate the neuron
number and their centers.

A gradient descent-based algorithm is developed to adjust the

underlying network parameters by optimizing a carefully selected cost function which will be
explained in greater detail in subsection 4.3.4.
It is noted that the proposed method employs similar notion of fuzzy image relevance,
when compared with techniques such as PicHunter [7]. The proposed PFRBFN method,
however, differs from the PicHunter system in the following aspects: (i) the PFRBFN method
is designed for category searching· (group of images sharing similar characteristics), while the
PicHunter system is developed for single target searching. The PicHunter system adopts a
different performance measure which is defined as the average number of images required to
converge to the desired specific target. Therefore, it is difficult to make a fair comparison
between the two methods as they have different searching objectives, (ii) the PFRBFN
method introduces a new fuzzy option in addition to traditional relevant and irrelevant choices
during the feedback process. The system then adopts a soft membership function to estimate
the relevance .of these fuzzy feedback images, hence putting into context the relative
importance of these images, and (iii) the PFRBFN method employs a radial basis function
network to perform image similarity learning while the PicHunter system uses Bayesian
framework to update the probability density distribution of the images in order to retrieve the
target.

5

n
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4.3 Progressive Fuzzy Radial Basis Function Network (PFRBFN)

n

n

e

4.3.1 User Interface
In this section, we provide a general overview on the operation of user interface in our
retrieval system as shown in Figure 4.3.

Initially, the user can select a query image by

browsing through the image database. The selected query is displayed at the top left comer.
Next, the user can search the image database by pressing the "Search" button, and the 25 most
relevant images are ranked and displayed in a descending order of relevance from left to right,
and top to bottom. It is noted that under each displayed image, a pull-down menu is available
which enables the user to select three possible choices of feedback (relevant, irrelevant and

fuzzy), as illustrated in the figure. The user will simply be asked to select each displayed
image as either relevant, irrelevant or fuzzy according to his/her information need. The user
can then submit his/her feedback by pressing the "Feedback" button. The system then learns
from the feedback images, and presents a new ranked list of images to the user for further
feedback. The process continues until the user is satisfied with the retrieved results.
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Figure 4.3 Illustration of user interface.

4.3.2 Structure of PFRBFN
In interactive CBIR, global modeling of image similarity (as illustrated in Figure 4.4(a)) may
not address the local information contained in the query and feedback images adequately (as
illustrated in Figure 4.4(b)). For instance, when the user submits the query image of a dog,
he/she may be interested in finding any images containing dogs, as shown in Figure 4.5.
Hence, the user information need will be more accurately represented by a variety of models,
each of which is correlated to the semantic class "dog" but also has its own local
characteristics. To exploit the local characteristics of image relevance, it is more desirable to
adopt a multi-cluster local function modeling strategy. In doing so, the local information can
be utilized efficiently to achieve better generalization.

In addition, the learning rate of

retrieval systems should be fast since the users often interact with the systems online. An
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ideal choice that satisfies the above-mentioned criteria is the radial basis function (RBF)
network. RBF network enjoys the following characteristics that make them a good choice in
the context of CBIR: fast learning speed (convergence rate during training), simple network
structure, piece-wise local function approximation, and global generalization power [44],
[97]-[99].

x

X

r:x\

X

~

X X
X X

X

~

X X
X X

(b)

(a)

o relevant image

r:x\

X

X

irrelevant image Doriginal query • modified query

Figure 4.4 Illustration of image similarity and query characterization in the feature space. (a)
Global modeling of image similarity using a single model, (b) Multi-cluster local modeling of
image relevance.

Figure 4.5 Example images that represent the semantic "dog".
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In this section, we propose a new PFRBFN to progressively learn the user perception of
interested images through continual feedback. The schematic diagram of the network is given
in Figure 4.6. The t-th iteration PFRBFN is constructed recursively based on two modules: (i)
the (t-l)-th iteration PFRBFN, and (ii) the t-th iteration update network. The output of the tth iteration PFRBFN F;(x), for R-dimensional input feature vectors x = [Xl X2 ... XR]T , is
gIven as:

t = 1,2, ... ,T

t=O

(4.1)

where F;-l(X) is the (t-l)-th iteration PFRBFN output, Ut(x) is the update network output,
and T is the total number of feedback iterations.
The update network consists of an input layer, three subnets and an output layer. The
input layer receives the R-dimensional feature vectors. It is· connected to three subnets which
are constructed from the relevant (positive), irrelevant (negative), and fuzzy samples,
respectively. The output layer has a single unit whose output value U t (x) is the weighted
combination of the subnet responses.

{W~}:~l' {W~J::I' and {W~}:~l are the sets of output
I

I

I

connection weights associated with the positive, negative and fuzzy samples at the t-th
iteration. I p' I N and IF are the number of RBF units for the positive, negative and fuzzy
samples, respectively. The detailed network structure and parameters updating algorithm will
be described in subsection 4.3.5.

__________________.1..
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Figure 4.6 Schematic diagram ofPFRBFN. (a) Recursive structure ofPFRBFN, (b) Update
network.
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The PFRBFN is developed with a few main considerations: (i) to integrate the unique
batch process of user feedback, (ii) to reduce the computational time of training process, and
(iii) to integrate the potential fuzzy feedbacks from the users. These objectives are achieved
by building the t-th iteration PFRBFN from the (t-l)-th iteration PFRBFN progressively, and
combining it with the t-th iteration update network. The main idea is that the previous (t-l)th iteration PFRBFN has been trained to learn the user information need. Therefore, it is
unnecessary to retrain the whole network for each feedback iteration. Instead, we introduce
an update network to track the current user information need. This enables a smaller update
network to be developed and trained batch-wise. The proposed recursive network structure
requires training of a small update network at each iteration. Hence, only the parameters of
the small update network need to be estimated at each feedback iteration instead of the whole
network.

This will lead to significant reduction in training time.

The method is

algorithmically effective as all feedback samples accumulated over the previous iterations are
used to train the update network. The relevance of the fuzzy images is estimated using an a
posteriori estimator to be explained in subsection 4.3.4.

These values, together with the

I

I
I

f
t

relevant and irrelevant feedbacks, are then incorporated into the supervised learning of the
update network.

4.3.3 Two-stage Clustering for PFRBFN Subnet Creation
An important issue in the development of PFRBFN is the number of RBF units and their
initial values in three subnets corresponding to relevant, irrelevant, and fuzzy samples. This is
vital as image retrieval systems usually require fast interaction. Hence reducing the number
of RBF units while maintaining a good representation of image similarity will cut down the
training time of the network. In view of this, a more systematic and efficient approach to

I

I
____________L
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estimate the neuron number and their initial values is required. In CBIR, the positive and

fuzzy samples tend to form clusters, while the negative samples often scatter around the
classes. Taking into account the fast-response requirement and the local multi-cluster nature
of the samples, we employ a two-stage clustering process to determine the subnet centers.
The feedback samples are clustered according to their types: relevant, irrelevant, and fuzzy.
This will then be used to construct the subnets of the PFRBFN.
Fuzzy C-means (FCM) clustering is one of the most widely used clustering algorithms
[102]. It considers each data point as potentially belonging to multiple clusters through
membership functions. Notwithstanding its attractive features, FCM suffers from sensitivity
towards the initial conditions, namely, the number of clusters and their initial estimates. In
order to rectify this difficulty, we employ a two-stage clustering strategy in this work. First,
subtractive clustering is employed as a preprocessing step to estimate the number and initial
values of the clusters [103]. Subtractive clustering is used as it is fast, efficient and does not
require the number of clusters to be specified a priori. The estimates obtained by subtractive
clustering are then employed by FCM as its initial center estimates to perform clustering
based on iterative optimization.
Subtractive clustering assumes each sample as a potential cluster center. It computes a
potential field which determines the likelihood of a sample being a cluster center.

Let

{XJ~=l c 9{R be a set of R-dimensional samples to be clustered. The initial potential function

~=1 (i) of the i-th sample

samples

Xj ,

Xi'

expressed in terms of the Euclidean distance to the other

is defined as:

(4.2)
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where ra is a positive coefficient defining the range of the field. The potential function has
large values at densely populated neighborhoods, suggesting strong likelihood that clusters
may exist in these regions.

The subtractive clustering algorithm can be summarized as

follows:
(i)

~=l (i)

Compute

for i = 1, ..., n and select the sample with the highest potential as

the first cluster center. Let

x; and ~* denote the flfst cluster center and its potential,

respectively.
(ii)

For k = 2, ... , K , update the potential of each sample according to:

n (.)

r k 1

D
(.)
= rk-l
1 -

n*

rk-l

exp

[llx; -x:J2]
r

2

i = 1, ..., n

(4.3)

b

where

X;_l

and ~*-l are the (k-l)-th cluster center and its potential value, rb is a

positive coefficient defining the neighborhood radius for potential reduction, and K is
the maximum number of potential clusters.

Equation (4.3) serves to remove the

residual potential of the (k-l )-th cluster center from the current k-th iteration field.
The samples that are close to the (k-l)-th cluster center will experience greater
reduction in potential, hence reducing their likelihood to be chosen as the next center.
Let

x;

be the sample data with the maximum potential ~* in the current k-th

iteration, the following criteria are used to determine whether it should be selected as
the current cluster center:
if

p,*

;. > £ A' accept x; as the k-th cluster center
1

else if

;: < £R' reject x; and terminate the clustering process
1

63
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as
else if

~* d.
*
- * + --!lli!!.. ~ 1, accept x k as a cluster center
~
ra

else

reject x~ and set its potential to zero (~*

rs

S

f-

0), and repeat the process

with the sample with the next highest potential
endif
(iii) Repeat step (ii) until the termination criterion is satisfied or the maximum number of
iteration is reached.

In step (ii),

CA

is the acceptance ratio above which a sample will be· accepted as a cluster

center, c R is the rejection ratio below which a sample will be rejected, and d min is the shortest
distance between x~ and all previously found cluster centers. If the potential of the sample
falls between the acceptance and rejection ratios, we will accept it only if it achieves a good
compromise between having a reasonable potential and being sufficiently far from all existing
cluster centers.
After subtractive clustering, we obtain a set 0 fccluster centers V == {vl ' V 2 , ••• , V k , ••• , v c} ,
which is then used as the initial center estimates for FCM.

FCM conducts clustering by

minimizing the following objective function:

n

c

(4.4)

Jm(U, V) == LL(f.lik)m(dik )2
i=l k=l

where U == [f.lik] with f.lik representing the membership of

dik == Ilx i -

Vk

I

is the Euclidian distance between

Xi

Xi

in the k-th cluster v k ,

and v k' and m ~ 1 is the fuzzification

factor. In order to minimize J m (U, V), it has been shown that the fo llowing conditions will
be satisfied [102]:
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1

/lik

(4.5)

c

L (dik / d jk )2/(m-1)
j=l

n

L(/lik)m Xi
_--,-i=...;..l

_

Vk-- n

(4.6)

L(/lik)m
i=l

under the following constraints:

\;j

lSiSn

/lik

E

[0,1]

(4.7)

lsksc

(4.8)

n

0< L/lik < n

(4.9)

i=l

The complete two-stage clustering for the construction of subnets can be summarized as
follows:
For each relevant, irrelevant, and fuzzy cluster types:
(i)

Obtain the initial cluster centers {v k }~=1 from subtractive clustering.

(ii)

Calculate the fuzzy partition matrix U = [/lik] according to (4.5).

(iii) Update the fuzzy cluster centers

{Vk}~=l

using (4.6).

(iv) Compute the cost function J m (U, V) in (4.4). Terminate the clustering process if

Jm(U, V) is less than a predefined threshold () or the maximum number of
iterations is reached. Otherwise, repeat steps (ii)-(iv).
(v)

Initialize the RBF centers of the subnet as the centroid of each cluster.

After clustering, three sets of separate clusters are obtained, relevant, irrelevant and fuzzy
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sets. Let Xbe the set of all training images. The representations for the cluster formation of X
are gIven as:

X=PUNUF
Ip

(4.10)

IN

P=U~

IF

N=UNj

i=l

F=Ul\

j=l

(4.11)

k=l

where P, N, and F denote the positive, negative, and fuzzy cluster types. ~,Nj' and Fk are
the i-th positive cluster, j-th negative cluster, and k-th fuzzy cluster. I p' I N and IF are the
number of RBF units for the positive, negative and fuzzy images, respectively.

4.3.4 Estimation of Soft Relevance Membership Function for Fuzzy Images
In this study, relevance feedback is implemented as an online supervised learning process by
adjusting the underlying parameters of the network. The error function E( at the t-th iteration
is defined as:

1 NT
E( = 2 i=l

Le

2
j(

1

NT

L( :r:(xi) - F;(xi))
2

=-

(4.12)

j=l

where NT is the total number of training samples, and
training sample x) at the t-th iteration. F;(x j ) and
network output for xi' respectively.

2

We set

positive and negative feedback, respectively.

~ (x))

e)(

~(Xj)

is the error signal for the j-th

represent the actual and desired

to 1 and 0 for x j associated with the

The issue remains to be addressed is the

estimation of the appropriate output values for the fuzzy samples. The desired values should
reflect the degree of relevance embedded in the user perception of image similarity. Our
objective, therefore, is to determine a soft relevance membership function s(x)): 9{R --» [0,1]
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that assesses each fuzzy sample and maps it into a proper output value between [0,1].
We propose an a posteriori estimator to determine

SeX j).

The problem is formulated into

the estimation of the conditional probability P(mr I x j ) , namely, given a fuzzy sample x j

'

what is the probability that it belongs to the relevant class mr • In CBIR systems, images are
indexed and represented as feature vectors x j = [X~l X~2

... X ~M]T

consisting

0f

M feature

subvectors x jm' m = 1,2, ... , M . Each x jmis a dm - dimensional feature subvector extracted
from color histogram, wavelet moments, among others. The following estimation principle
that assumes equal emphasis on each of the M features towards the overall contribution is
adopted [104]:

(4.13)

where P(mr I x jm ) is the a posteriori probability of the m-th subvector x jm

.

It has been

demonstrated that the sum rule outperforms other classifier combination schemes such as the
product rule, min rule, max rule, median rule, and majority voting [104]. According to the
Bayesian theorem, we can rewrite (4.13) as:

(4.14)

where mr and mi denote the relevant and irrelevant classes, respectively. P(mr ) and P(mJ
are the prior probabilities of the relevant and irrelevant classes. They can be estimated from
the feedback samples using:

(4.15)
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P(mi ) = 1- P(my)

(4.16)

where ny and ni are the total number of relevant and irrelevant samples accumulated over
previous feedback iterations, p(x jm I my) and p(x jm I mi) are the class conditional probability
density functions (pdf) of x jm for the relevant and irrelevant classes, respectively. If each
feature vector is assumed to be Gaussian-distributed, the class pdf can be expressed as:

p(X jm I

where mq

E

coq ) = (2nfm/~ II~I1/2 exp [ -~(Xjm -

.u~)T I~ -I(X jm - .u~)]

(4.17)

{my, mi }, JJ~ is the mean vector and I~ is the covariance matrix for the m-th

feature vector of class mq • They can be estimated using N q training samples

X)m for each

relevant or irrelevant class mq :

q
II
r'm

1 Nq
=-"x~
N ~ Jm

(4.18)

q J=l

~q =
~m

1

(N -1)
q

Nq

"(x q

7:t

jm

q

-lI
r'm

)(x q

jm

q

_lI )T
r'm

(4.19)

As the number of training samples is usually small in relevance feedback, the matrix I,~ may
experience singularity.

To address the problem, an approach known as linear shrinkage

estimator that incorporates a regularized diagonal matrix is adopted [105], [106]:

'"

A

I,~ = (1- A) I,~ +dtr[I,~] I

(4.20)

m

where tr[I~] denotes the trace of I~, dm is the dimension of the feature space, and
0< A< 1 controls the amount of shrinkage towards the identity matrix I.
Therefore, the desired output values for the PFRBFN network can be summarized as
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follows:

(4.21)

which provides the soft relevance membership function for the positive (P), negative (N), and
fuzzy (F) feedback images.

4.3.5 PFRBFN Training Algorithm
After two-stage clustering to determine the subnet structure, and estimation of soft relevance
membership function for feedback samples, we are ready to discuss the learning process of
the PFRBFN. The kernel function of the RBF units in the PFRBFN is given by:

t=1,2, ... ,T,

where a

E

i = 1,2, .. . ,fa

{P,N,F} is the cluster type characterizing the feedback, i and

fa

(4.22)

are the index and

number of RBF units for feedback type a , t is the iteration number, and T is the total number
of feedback iterations.

V~i

and

(J~i

are the center and width for the i-th RBF unit with a

subnet type at the t-th iteration. The values V~i are initialized based on the outputs obtained
using the two-stage clustering process. The matrix A = diag[_l ,_1_, ... ,_1_] is a diagonal
(Jt

(J2

(JR

matrix that denotes the relative importance of different feature components with
(Jr'

r = 1,2, ... , R representing the standard deviation of all relevant samples along the r-th

dimension. This approach is based on the observation that consistent values of a particular
feature component across all the relevant samples suggest that it is reliable in determining
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image similarity. Therefore, the feature components with more consistent values are assigned
greater weights [10].
Based on the kernel function in (4.22), the update function U t (x) is given as:

fa

Ut(X)=

LW~if(x,v~i'a~J

L

(4.23)

aE{P,N,F} i=l

where W~i is the output connection weight. Substituting (4.23) into (4.1), the PFRBFN output
function F;(x) can be expressed as:

fa

L L W~J(X, V~j,(J"~J,

F;(X) = F;-1 (X) +

t=I,2, ... ,T

aE{P,N,F} 1=1
{

(4.24)

t=O

0,

The system training of the CBIR system at each feedback iteration is performed by
minimizing the cost function Et in (4.25) with respect to the network parameters of
Ut(x),namely, 9 = {W~i' v~i'a~i

I

a

E

{P, N, F}, i = 1,2, .. . ,fa }. The learning process can be

represented as:

9 = argmin(Et )
9E9

~
2J
= argmin -1 L(J:(x
j ) - F;(x j ))
9E9

[ 2

(4.25)

j=l

where 8 is the solution space of the parametric vector 9.
The training is achieved using gradient-descent algorithm based on all the feedback
samples accumulated over all previous iterations. The update equations for W~i' V~i' and a~i
are summarized as follows:
(i)

Weight estimation at the k-th learning iteration:
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(4.26)

aE{P,N,F},

(ii)

i=I,2, ... ,fa

(4.27)

Center estimation at the k-th learning iteration:

(4.28)

aE{P,N,F},

i=I,2, ... ,fa

(4.29)

(iii) Width estimation at the k-th learning iteration:

NT
(x - v t (k))T A(x - v t (k))
BE (k)
t
t
t
= _w . (k)~ e. (k)f(x. v . (k) at. (k)) j
ai
j
ai
Ba~i (k)
a:
f=t)t
), a: , a:
(a~i (k ))3

at . (k
al

+ 1) = at . (k) -1J 3
a:

BE (k)
t

aa~i (k)

,

a

E

{P, N, F} , i = 1,2, ... , fa

(4.30)

(4.31)

(iv) Repeat steps (i)-(iii) until convergence or a maximum number of iterations is
reached.

The term

ejt

(k) is the error signal of the j-th training sample x j at the k-th learning iteration,

and 1J1' 1J2 and 1J 3 are learning parameters for w~i' V~i' and a~i' respectively.
It is noted that the gradient-descent algorithm given in (4.26)-(4.31) does not involve
back-propagation of the error signal. Thus, it requires less training time to converge when
compared with other neural networks such as multilayer perceptron. The size of the training
set at the t-th feedback iteration is the total number of feedback images accumulated over the
past t iterations. This in turn depends on the number of displayed images shown to the users
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for feedback. As a result, the number of training samples will increase with respect to the
number of feedback iterations. During the retrieval process, the number of clusters for the
network does not remain constant. This is because the training samples are used to generate a
new update network at each feedback iteration, which consists of new clusters as shown in
Figure 4.6(b). Therefore, the number of clusters for the PFRBFN will increase throughout the
retrieval process in order to track the progressive user information need.
The flowchart summarizing the proposed PFRBFN scheme is given in Figure 4.7.
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Retrieve initial results based on
k-nearest neighbor (k-NN) search

User feedback of relevant, irrelevant, and
fuzzy images

Two-stage clustering to determine the cluster
centers for relevant, irrelevant, and fuzzy subnets

Estimation of the soft relevance membership
function

Construction and training of the PFRBFN

Retrieve new images from database based on
the trained PFRBFN

Have termination
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Figure 4.7 General overview of the proposed PFRBFN scheme.
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4.4 Experimental Results
The performance of the PFRBFN is evaluated on an image database consisting of 10,000
natural images with 100 different categories obtained from the Corel Gallery product [107].
The categories are predefmed by the Corel Photo Gallery based on their semantic concepts. It
covers a wide variety of subjects, as shown in Figure 4.8. This image database will be used
throughout the whole thesis.

Figure 4.8 Selected sample images from the database, which are used in the experiments.

The proposed PFRBFN is employed in our retrieval system. The two-stage clustering is
utilized to determine the subnet structure of the relevant, irrelevant and fuzzy images. During
the subtractive clustering, the following parameters are adopted: ra is set to 0.2, 0.25, and 0.2
for relevant, irrelevant and fuzzy samples, respectively, with rb = 4ra ,

£A =

0.5 , and

£R =

The subsequent FCM clustering uses the following parameters: m = 3 and 8 = 0.05.

0.15 .
The
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PFRBFN is constructed progressively and trained iteratively using the learning algorithms in
(4.26)-(4.31). The learning step-sizes are taken as 111 =0.01, 112 =0.0001, and 11 3 = 0.02. The
values of the parameters are determined using the following rule of thumb. The approximate
values of the parameters are fIrst selected according to previous literature findings and
empirical study. These are followed by experimental fine-tuning. The predefined variables in
the proposed method can be classified into two categories: (i) variables used in the clustering
stage ofPFRBFN creation

{ra , rb ,

CA ,

cR ,

m,

8}, and (ii) those involved in the training stage

of PFRBFN {111' 112 , 113 }. The impact of the underlying parameters used in FCM clustering
and steepest-descent optimization has been studied in previous literatures such as [102] and
[44]. In this work, we have conducted many experiments using different values of predefined
variables and more than 100 different query images.

Experimental results show that the

system produces satisfactory results consistently for different query images and variable
values, so long as they are within a reasonable order of magnitude.
There are two parts in the experiments, namely, objective performance evaluation and
subjective performance evaluation. For objective evaluation, 100 queries from 100 semantic
concepts are selected for evaluation. For subjective evaluation, 6 users are invited to evaluate
the retrieval system. A total of 150 queries from 100 semantic concepts are used for
evaluation. The size of the training set depends on the number of images shown to the user
for feedback. The testing set is the whole image database containing 10,000 images.

4.4.1 Performance Evaluation based on Objective Measure
In our experiment, we employ both the objective and subjective measures to evaluate the
performance of the proposed PFRBFN method and compare it with the adaptive radial basis
function network (ARBFN) method [20]. The ARBFN method characterizes the query by
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multi-class models, an inherent strategy of local modeling, and associates those relevant
samples as the models. The irrelevant samples are then used to modify the multi-class models
in such a way that the models are moved slightly away from the irrelevant samples.
The objective measure, which is based on the Corel's predefined ground truth, is used
when there is no ambiguity in the user perception of image similarity, or in other words, there
are no fuzzy feedbacks. In this case, the retrieved images are considered to be relevant if they
belong to the same category as the query image. Precision versus recall (PR) curve is adopted
in our experiment. The definitions of precision and recall have been given in (2.2) and (2.3).
In our experiment, 100 queries with one from each category, as given in Figure 4.8, are
selected for evaluation. For each query, the top 25 retrieved images are displayed to the users
for feedback. The precision and recall rates are averaged over all the queries. The average
precision versus recall (APR) graph after 5 feedback iterations is shown in Figure 4.9. From
the figure, we observe that the PFRBFN method outperforms the ARBFN method.

The

PFRBFN method provides higher recall rate at the same precision level, and higher precision
rate at the same recall level. For instance, the PFRBFN method offers a precision rate of 70%
compared .to 50% offered by the ARBFN method at 30% recall rate.
effectiveness of the proposed PFRBFN method.

This reflects the

The ARBFN method is heuristic as the

learning process to optimize the underling network parameters is inadequate.
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Figure 4.9 The average precision versus recall graph of the PFRBFN and ARBFN methods
(after 5 feedback iterations).
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We have also adopted the performance measure of retrieval accuracy (RA) to evaluate the
retrieval system, which has been defined in (2.1). The retrieval accuracy performance of the
PFRBFN method is given in Figure 4.10. The retrieval accuracy is averaged over 100 test
queries, and seven iterations of feedbacks are recorded. It is observed that for both top 25 and
50 returned images, the retrieval accuracy of the PFRBFN method increases quickly in the
fITst few iterations. This is desirable since the user can obtain satisfactory results within a few
iterations. Further, they reach steady-state retrieval accuracy of 81 % (25 returned images)
and 72% (50 returned images) in about 5 feedback iterations. In comparison, the ARBFN
method achieves lower steady-state retrieval accuracy in both cases. The PFRBFN method
offers improvements of7% (25 returned images) and 6% (50 returned images) for steady-state
retrieval accuracy over the ARBFN method.
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Figure 4.10 Retrieval accuracy of the PFRBFN and ARBFN methods. (a) Retrieval accuracy
in top 25 results, (b) Retrieval accuracy in top 50 results.
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4.4.2 Performance Evaluation based on Subjective Measure
Now we study the performance of the retrieval system when the users experience uncertainty
in the feedback images. In other words, the users will select fuzzy option in at least some 0 f
the feedbacks. Under these circumstances, we cannot employ ground truth-based objective
performance measures because the fuzzy images selected by the users may span across
different categories. In view of this, the best performance measure will be subjective human
evaluation since the perception of image similarity, especially on fuzzy images, is userdependent. Six users are invited to evaluate the retrieval system. A total of 150 queries are
used for evaluation.

We introduce the following performance measures: total retrieval

accuracy (TRA), and relevant retrieval accuracy (RRA) to evaluate the system performance:

Relevant retrieval accuracy- relevant images retrieved in top T returns
T

(4.32)

Total retrieval accuracy= relevant and fuzzy images retrieved in top T returns
T

(4.33)

where T is the number of retrieved images. The RRA is similar to the conventional RA when
there are no ambiguities in the user interpretation of feedback images. Unfortunately, this
criterion alone is inadequate in evaluating the performance of the system when the users
choose some images as fuzzy since they satisfy, up to a certain extent, the user information
need.

Therefore, the TRA is introduced to incorporate both the relevant as well as fuzzy

images as the desired images. An alternative perspective to interpreting the TRA and RRA is
that they are the upper and lower bounds of effective retrieval accuracy. These give us an idea
of how the PFRBFN method performs when fuzzy relevance feedback is included.
The performance of the PFRBFN method is given in Figure 4.11. The TRA and RRA
graphs are averaged over all test queries and users. In the figures, the first iteration denotes
the users' assessment of the initial retrieved images based on K-NN search. It is observed that
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the RRA and TRA graphs of the PFRBFN method increase quickly for both top 25 and 50
returned images. Further, they reach steady-state RRA of 82% and TRA of 86% (25 returned
images), with RRA of 74% and TRA of 80% (50 returned images) in about 5 feedback
iterations. The effective retrieval accuracy should lie within the upper bound of TRA and
lower bound of RRA. The results imply that there are, on average, 4% (25 returned images)
and 6% fuzzy images (50 returned images) in these experiments. When compared with the
ARBFN and MARS [10] methods.

The MARS method adopts multi-level labeling in

relevance feedback. It involves five discrete levels of (ir)relevance, namely, highly relevant,
relevant, neutral, irrelevant, and highly irrelevant. The scores associated with each level are:
3, 1, 0, -1, -3, respectively. It is noted that neutral images are assigned the score of 0, which
implies that they do not provide any contribution during the training process. In order to
provide a comparative performance measure, we define the retrieval accuracy of the MARS
method as the ratio of the sum of both "highly relevant" and "relevant" images in top T
returned images.

It is clear that the PFRBFN method provides superior results.

The

performance of the MARS system is mediocre because it is based on heuristic updates of
intra- and inter-feature weights. Further, the feedback process of the MARS system can be
very tedious for the users as they need to classify each image in every feedback iteration into
one of the multiple levels. In contrast, the proposed PFRBFN framework simplifies the
feedback process, while maintaining the priority of the user information need.

________________.L.
~;
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Figure 4.11

Performance comparIson of PFRBFN, ARBFN and MARS based on user

subjectivity. (a) Retrieval accuracy in top 25 results, (b) Retrieval accuracy in top 50 results.
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4.4.3 Computational Efficiency Analysis
The experiments are conducted on a PC with the following specifications: Pentium4 2.4GHz
processor, 512M RAM, Windows XP, Matlab 6.5. In our experiments, the average retrieval
time for each feedback iteration using both the PFRBFN and ARBFN methods is comparable,
ranging from 5 to 10 seconds for the top 25 results.
The overall computational complexity of the PFRBFN method during each feedback
iteration consists of two main stages: (i) network training (cluster formation, soft membership
determination, and network parameter estimation), and (ii) distance metric calculation of all
images in the database during similarity matching. It is noted that the computation of network
parameter estimation dominates the training process. The computational complexities for
network training and distance computation are given by O(RKNrNa ) and O(RNaQ) ,
respectively, where R is the dimensionality of the feature vector, K is the number of training
iteration, N r is the total number of training samples, N a is the number ofRBF units, and Q
is the number of images in the database. The overall complexity of the algorithm is given by

O(RKNrNa + RNaQ).

In typical medium to large database retrieval applications where

Q > KNr , the effective complexity of the proposed algorithm is O(RNaQ) , which is similar
to that of the ARBFN method in [20].

It is observed that the proposed method offers

performance improvement over the ARBFN method, while maintaining comparable
computational cost.

4.4.4 Illustrations of Retrieval Results Using PFRBFN
In an image retrieval session, a user is interested in finding some home pets, particularly dogs.
Given the query image of a dog, the initial retrieval results using the k-nearest-neighbor
method are shown in Figure 4.12(a). It can be observed that they consist of 8 dogs, 2 cats and

~

_________________.iI-
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other non-pet images.
The user will subsequently mark the dogs as relevant and other non-pet images as
irrelevant. The ambiguities arise for the categorization of the cats as it depends on individual
user subjectivity. If the user marks the cat images as irrelevant, he/she may be concerned that
some information will be lost as the cat images satisfy, up to a certain extent, his/her
information need. On the other hand, if the user marks the cat images as relevant, he/she may

be concerned that his/her information priority, namely the dogs, will be obscured by the cat
images. In other words, he/she is worried that the dog images will appear after the cat images.
In either case, the user faces a dilemma if a hard-decision has to be made on the relevance of
the cat images. Therefore, it is desirable if the system can categorize those cat images as

fuzzy and assign appropriate membership function to them accordingly. It is worth noting
that in the graphical user interface in Figure 4.12, the displayed images are ranked in
decreasing order of priority from left to right, and top to bottom.
Consider the conventional binary labeling approach where the user has to make a harddecision on the relevance of the cat images. If the user marks the cats as irrelevant, the
retrieval results after I feedback iteration are given in Figure 4.12(b). It is observed that the
retrieved results contain 11 dogs and 0 cats. The retrieval results are unsatisfactory because
they disregard the user's partial information need that may include cat images as the
candidates. On the other hand, if the user marks the cats as relevant, 8 dogs and 5 cats (see
Figure 4.12(c)) are retrieved. The results are undesirable as there are less dog images as
compared to Figure 4. 12(b). Further, the ranking of the dog and cat images is mixed up.
Ideally, we would like to have dogs ranked higher than the cats, which reflects the user
information priority. In this case, however, some cats (images 6 and 7) in fact are ranked
higher than the dogs (images 8-10). Ranking is particularly important in applications such as
image retrieval through bandwidth-limited, display-constrained devices, e.g. PDA, where
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images with the highest priority should be transmitted fITst. Obviously, inappropriate ranking
in this case will give rise to the problem where the most desired images may not be shown to
the user. In contrast, the proposed fuzzy relevance framework provides the users with the
flexibility to classify an image as either relevant, irrelevant or fuzzy. If the user selects the
cats as fuzzy, the retrieval results are given in Figure 4.12(d). It is observed that the proposed
method manages to retrieve 11 dog and 3 cat images. This is clearly superior to the binary
labeling results in Figure 4.12(b) and (c). Further, the ranking of the dog images is higher
than the cat images, hence reflecting the priorities of the user information need.
Conventional relevance feedback approaches adopt the binary logic to model the user's
perception of image similarity. This is, however, counter-intuitive as user interpretation of
visual content is fuzzy and nonstationary in nature. The case study in Figure 4.12 highlights
this dilemma, and illustrates that the proposed PFRBFN scheme is instrumental in addressing
this issue by utilizing the notion of fuzzy relevance feedback.

c
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(a)

(b)

(c)

(d)

Figure 4.12 Illustrative case study. (a) Initial retrieval results based on K-NN search, (b)
Retrieval results with user marking the cat images as irrelevant, (c) Retrieval results with user
marking the cat images as relevant, (d) Retrieval results with user marking the cat images as

fuzzy.
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4.5 Summary
This chapter presents a new framework called fuzzy relevance feedback in interactive
content-based image retrieval systems. In contrast to conventional approaches that are based
on binary labeling, the new method provides a natural way to model the user interpretation of
image similarity. The importance or relevance of fuzzy images is estimated based on an a
posteriori estimator. A PFRBFN is constructed progressively to reduce the computational

complexity.

A gradient descent-based learning strategy is then employed to estimate the

underlying network parameters. Experimental results demonstrate that the PFRBFN method
is effective in performing image retrieval, while addressing the priority of user information
need.
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A Pseudo-Label Fuzzy Support Vector
Machine Framework

5.1 Introduction
This chapter studies another state-of-the-art computational intelligence technique, namely,
support vector machines (SVMs) for image retrieval. SVMs and radial basis function (RBF)
networks are both powerful learning machines for many real-world applications. SVMs differ
from RBF networks in several ways. The RBF networks minimize a quadratic cost function,
regardless of what the learning task is. In contrast, the support vector learning algorithm
maximizes the margin of separation between the positive and negative samples [44]. Further,
the computational complexity of SVMs does not depend on the dimensionality of the input
space.

The curse of dimensionality is bypassed by focusing on the dual problem for

performing the constrained optimization problem [44]. In terms of running time, SVMs are
currently slower than RBF networks for a similar generalization performance.
Conventional relevance feedback in CBIR systems uses only the labeled images for
learning. Image labeling, however, is a time consuming task and users are often unwilling to
label too many images during the feedback process. This gives rise to the small sample
problem where learning from a small number of training samples restricts the retrieval
performance.

To address this problem, some works have been done to incorporate the
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unlabeled data to improve the learning performance. Discriminant Expectation Maximization
(D-EM) algorithm has been introduced to incorporate the unlabeled samples to estimate the
underlying probability distribution [21]. The results are promising, but the computational
complexity can be significant for large databases.

Transductive support vector machine

(TSVM) for text classification has been proposed to tackle the problem by incorporating the
unlabeled data [81]. It has also been applied for image retrieval [79]. The method proposes
to incorporate unlabeled images to train an initial SVM, fo Uowed by standard active learning.
It is, however, observed that the performance of this method may be unstable in some cases.
Incorporating prior knowledge into the SVM has also been introduced to resolve the small
sample problem [82]. All these proposed methods show some promising outcomes, however
few can learn from the labeled and unlabeled data effectively.
In view of this, we propose a technique based on the concept of pseudo-labeling in order
to enlarge the training data set. By making use of the potential role of unlabeled images,
certain informative unlabeled images which are 'similar' to the labeled ones in terms of the
visual features are determined for pseudo-labeling. As the name implies, a pseudo-labeled
image is an image not labeled explicitly by the users, but estimated using a fuzzy rule.
Therefore, it contains a certain degree of uncertainty or fuzziness in its class information. The
main principles of the proposed algorithm can be described concisely as: identification of
useful unlabeled images as candidates for pseudo-labeling, integration of fuzziness embedded
in the pseudo-labeled images into the scheme, and development of appropriate computational
techniques to optimize the learning.

The requirements for systematic data identification,

intelligent information integration, and robust learning point to computational intelligence
techniques. Two categories of computational intelligence, namely SVM and fuzzy logic are
employed in this chapter. Fuzzy support vector machine (FSVM), an extended version of
SVM, takes into account the fuzzy nature of some training samples during its training [108].
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In order to exploit the advantages of pseudo-labeling, active learning and the structure of
FSVM, we develop a unified framework called pseudo-label fuzzy support vector machine
(PLFSVM) to perform content-based image retrieval. By exploiting the characteristics of the
labeled images, unlabeled images are chosen carefully and assigned different pseudo-labels
such as 'relevant' or 'irrelevant'. This process will enlarge the training data set. A fuzzy
membership function is employed to estimate the class membership of the pseudo-labeled
images. The fuzzy information is then integrated into the FSVM for active learning.
Chapter 4 deals with the issue of fuzzy perception of user feedback, where the unique
batch process of feedback is utilized to build a recursive network structure· to reduce
computational cost. In contrast, SVMs are not effective in handling the problems involving
recursive-structure training. This chapter utilizes SVMs to address the small sample problem
in CBIR systems. Since the number of training samples is small, the adoption of SVMs will
not be too computationally intensive. Further, they have been shown to perform well on
small samples.
The rest of this chapter is organized as follows. Section 5.2 explains the small sample
problem and the formulation of the PLFSVM. In Section 5.3, we describe FSVM and discuss
the pseudo-label estimation scheme in detail.

We further explore the fuzzy membership

function which is developed to determine the implicit class membership of the pseudo-labeled
images. In Section 5.4, experimental results using the proposed method are discussed and
compared with other techniques. Finally, concluding remarks are given in Section 5.5.

5.2 Learning from Small Samples
5.2.1 Small Sample Problem
In relevance feedback ofCBIR systems, the number of training samples is usually small since
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it is not user-friendly to let the users label too many images. Thus, the small sample problem
arises in interactive CBIR systems. Learning from such a small number of training samples
may not produce good retrieval results, even for a powerful learning machine such as SVM.
Therefore, it is imperative to find solutions to solve the small sample problem faced by
relevance feedback.
Realizing that obtaining a large number of labeled images is labor intensive while
unlabeled images are readily available, we propose to utilize the unlabeled images to augment
the available labeled images. Unlabeled images should be carefully chosen so that they will
be beneficial to the retrieval performance; otherwise, they can degrade the performance if
used improperly.

Each selected, unlabeled image is assigned a pseudo-label of either

'relevant' or 'irrelevant' based on an algorithm to be explained in subsection 5.3.3. These
pseudo-labeled images are fuzzy in nature since they are not explicitly labeled by the users.
Therefore the potential imprecision embedded in their class information should be taken into
consideration. Fuzzy logic provides a natural and flexible way in modeling the uncertainty of
data. We utilize a fuzzy membership function to determine the degree of uncertainty for each
pseudo-labeled image, hence putting into context the relative importance of these images.
These pseudo-labeled samples are then combined with the labeled samples to train the SVM.
The details of the algorithm will be explained in Section 5.3.

5.2.2 Active Learning with Pseudo-Labeled Images
Despite the excellent generalization performance of SVM, it is limited to crisp classification
where each training example belongs to either one or the othe~ class with equal importance.
However, in many real-world applications, different training data have different degrees of
importance and this fuzzy nature should be taken into consideration.

Hence, FSVM is

proposed to address this problem [108]. FSVM is an extension of SVM. It can take into

I,;
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account different importance of training data. FSVM exhibits the following properties that
motivate us to adopt it in our framework: integration of fuzzy data, strong theoretical
foundation, and excellent generalization power.
We develop a unified PLFSVM framework that integrates the advantages of pseudolabeling and FSVM. In contrast to most existing feedback approaches in CBIR systems that
are concerned with only the labeled data, the proposed PLFSVM exploits the unlabeled data
to enhance the retrieval performance. It is noted that the proposed PLFSVM differs from the
traditional SVM in several ways. The PLFSVM is developed for solving the small sample
problem by incorporating pseudo-labeled images, while traditional SVM can only handle
labeled images.

Further, PLFSVM requires less user workload, thus making it more

appealing for practical applications such as image retrieval over bandwidth-limited network.
Lastly, PLFSVM can take relative significance of the training samples into consideration, and
hence, is more general and flexible.
Under the new framework, a few important issues in the development of the PLFSVM
have to be addressed: (i) selection of the right images for pseudo-labeling, (ii) determination
of the pseudo-labels, (iii) estimation of the degree of uncertainty associated with the pseudolabeled images, and (iv) integration of pseudo-labeled images into FSVM-based active
learning. To address these issues, the following ideas have been proposed: (i) a two-stage
clustering algorithm is developed for choosing the unlabeled image for pseudo-labeling, (ii) a
similarity measure analogous to the K-NN is proposed for pseudo-label assignment, (iii) a
proper fuzzy membership function is developed .to estimate the class membership of the
pseudo-labeled images, and (iv) FSVM is employed by emphasizing the labeled images over
the pseudo-labeled images during training.
SVM-based active learning selects samples that are closest to the current SVM decision
boundary as the most informative points. Samples that are farthest away from the boundary
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and on the positive side are considered as the most relevant images. We adopt the same
selection strategy in this work. Integrating the merits of PLFSVM into active learning, we
can achieve improved retrieval performance with less user labeling.

5.3 Pseudo-Label Fuzzy Support Vector Machine (PLFSVM)
5.3.1 Overview of the Proposed Framework
The proposed PLFSVM is a unified framework that incorporates pseudo-labeling into FSVM
in the context ofCBIR. The general overview of the framework is outlined as follows.
(i)

Given a user submitted query, the system performs the K-NN search using the
Euclidean distance for similarity matching. The top 10 most similar images are
shown to the user for feedback.

(ii)

The user provides the feedback on the 10 images as either relevant or irrelevant.
Based on the 10 labeled images, an initial SVM classifier is trained.

(iii) The SVM active learning is employed by selecting I unlabeled images that are
closest to the current SVM decision boundary for the user to label.
(iv) After the user labels the 1 images, add them to the previously labeled training set.
(v)

A two-stage clustering is performed separately on the labeled relevant and irrelevant
images.

The formed clusters are then used for unlabeled images selection and

pseudo-label assignment.
(vi) A fuzzy metric is employed to evaluate the soft relevance membership of the
pseudo-labeled images.
(vii) An FSVM is trained using a hybrid of the labeled and pseudo-labeled images.
(viii) Repeat steps. (iii)-(vii) until the retrieval performance is satisfactory.
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5.3.2 Formulation of FSVM
Let S = {(Xi'Yi)}~=l be a set of n training samples, where Xi

E

in the input space, and Yi

for i = 1, ... , n.

E

{-I, I} is the class label of

Xi

91 P is a P-dimensional sample

training sample is associated with a fuzzy membership value {J.1i} 7=1

E

In FSVM, each

[0,1]. The membership

value J.1 i reflects the fidelity of the data, or in other words, how confident we are about the
actual class information of the data. The higher its value, the more confident we are about its
class label. The optimization problem of the FSVM is formulated as follows [108]:

minimize

-!..ll w l1 + CtJli~i
2

(5.1)

2
i=1
subject to Yi(w· Zi + b) ~ 1-;" ;i ~ 0, i = 1, ... , n

where

Z

=

cp( x) is the mapping function that maps the input data into a high-dimensional

feature space.

W

is the normal vector of the hyperplane,

regularization parameter. It is noted that the error term

b is the bias, and C is the

;i is scaled by the membership value

Il i • The fuzzy membership values are used to weigh the soft penalty term in the cost function

of SVM. The weighted soft penalty term reflects the relative fidelity of the training samples
during training. Important samples with larger membership values will have more impact in
the FSVM training than those with smaller membership values.
To solve the optimization problem in (5.1), the following Lagrangian is constructed
similar to the standard SVM:
1

Q(w,b,;,a,!3) =

-llwll
2

2

n

n

n

+CLJ.1i;i - Lai(Yi(w 'Zi +b) -1 +;i)- L!3i;i
i=1
i=1
i=1

where a i and !3i are nonnegative Lagrange multipliers.

(5.2)

The solution to this optimization

problem is given by the saddle point of the Lagrangian. At the saddle points, the following
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conditions hold:

8Q(w,b,~,a,f3) =w- ~a.y.z. =0
~_y

L..J

Un'

i=l

1

1

1

8Q(w,b,~,a,f3)=-~a. . =0
~ 1~

8b

(5.3)

(5.4)

1=1

aQ(w,b,~,a,f3) = .c- .-f3. =0
a~i
J.l
a
1

1

(5.5)

1

By substituting (5.3)-(5.5) into the Lagragian in (5.2), the optimization problem ofFSVM can
be transformed into its dual problem as follows:

n

subject to LYiai =0,

(5.6)

O~ai ~J.liC, i=l, ... ,n

i=l

The KT conditions are now defined as:

ai[Yi(w· Zi + b) -1 +~i] = 0,

i = 1, .. . ,n

(5.7)
(5.8)

Solving the optimization problem ofFSVM in (5.6) will lead to a decision function similar to
(3.27), but with different support vectors and corresponding weights a i •

5.3.3 Unlabeled Image Selection and Pseudo-Label Estimation
Careful incorporation of the unlabeled images is instrumental in achieving good retrieval
results. If chosen inappropriately, the unlabeled images can degrade instead of improving the
performance. In this work, we propose to exploit the characteristics of the labeled images to
select the unlabeled images for pseudo-labeling. The basic idea is to identify certain samples

5
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in the unlabeled image population which are 'similar' to the labeled images to perform
pseudo-labeling and fuzzy membership estimation. This will enlarge the training data set.
The labeled relevant images usually exhibit local characteristics of image similarity. To
exploit this property, it is desirable to adopt a multi-cluster local modeling strategy. Taking
into account the local multi-cluster nature of image similarity, we employ a two-stage
clustering process to determine the local clusters.

The labeled samples are clustered

according to their types: relevant or irrelevant. K-means clustering is one of the most widely
used clustering algorithms

[~09].

K-means clustering finds a partition in which data points

within each cluster are as close to each other as possible, and as far as possible from data
points in the other clusters. It uses an iterative algorithm that minimizes the sum of distances
from each data point to its respective cluster centroid for all the clusters. Notwithstanding its
attractive features, K-means clustering suffers from sensitivity towards the number of chosen
clusters and their initial estimates. In order to rectify this difficulty, we employ a two-stage
clustering strategy in this work. First, subtractive clustering is employed as a preprocessing
step to estimate the number and initial values of the clusters.

These estimates are then

employed by K-means to perform clustering based on iterative optimization.
After clustering, two sets of separate clusters are obtained, relevant and irrelevant sets.
We use the heuristic argument similar to the K-NN technique, that is, closer data points tend
to have similar class labels. We select K nearest unlabeled neighbors for each labeled cluster
based on their Euclidean distances to the center of the labeled cluster. The label (relevant or
irrelevant) of each labeled cluster is then propagated to the unlabeled neighbors. This is
referred to as pseudo-labeling process. As the computational cost will increase with respect to
the number of pseudo-labeled images, therefore, only the most 'similar' neighbor (K = 1) is
selected in this work.
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5.3.4 Estimation of Soft Relevance Membership Function for PseudoLabeled Images
Taking the fuzziness of the pseudo-labeled images into consideration, our objective here is to
fmd a mapping g(x p ): 9t m

~

[0,1] that assigns a proper relevance value between zero and

one to each pseudo-labeled image x p ' Motivated by the concepts of fuzzy logic, we propose
to develop a fuzzy membership function as a soft value with respect to the relevance of the
class labels.
Since clustering has been performed on each positive and negative class separately to get
multiple clusters for each class (relevant or irrelevant), the obtained clusters in each class can
be employed to generate the membership value. Assume that the pseudo-labels of the selected
images have been determined as explained in the earlier section. Intuitively, the closer a
pseudo-labeled image is to the nearest cluster of the same class label, the higher is its degree
of relevance. In contrast, the closer a pseudo-labeled image is to the nearest cluster of the
opposite class label, the lower is its degree of relevance.

Based on this argument, an

exponentially-based fuzzy function is selected:

otherwise
where v Si denotes the center of the ith cluster with the same class label as the pseudo-labeled
image x p, while v OJ denotes the center of the jth cluster with the opposite class label to the
m~n(xp - v Si)T (x p - v Si) and m~n(xp -

pseudo-labeled image x p '

1

.l

VOj)T (x p - V Oj )

represent

the distance between x p and the nearest cluster centers with the same and opposite class
labels, respectively.

G1

>

°

is a scaling factor. This membership function is divided into two
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scenarios. If the distance ratio is smaller than 1, suggesting that the pseudo-labeled image is
closer to the nearest cluster with the same class label, then we will estimate its soft relevance.
Otherwise, if the pseudo-labeled image is closer to the nearest cluster with the opposite class
label, a zero value is assigned.
Further, the fuzzy membership function of the pseudo-labeled samples will also depend on
the agreement between the predicted label obtained in subsection 5.3.3, and the predicted
label obtained using the trained SVM. The second factor of the fuzzy function is chosen as a
sigmoid function defined as follows:

1
W 2 (X p )

=

1+ exp( -a2 y) ,
1
1+ exp(a2 y) '

pseudo-label is positive
(5.10)
otherwise

where a2 > 0 is a scaling factor. Y is the directed distance of the pseudo-labeled image x p to
the SVM boundary (the decision function output of SVM for the pseudo-labeled image x p

).

We will explain the rationale of the fuzzy expression in (5.10) by first considering that the
pseudo-label of the selected image has been determined as positive in subsection 5.3.3. In
this case, the upper equation in (5.10) will be used. If Y has a large positive value, this will
suggest that it is most likely to be a relevant image.

Since there is a strong agreement

between the predicted pseudo-label from subsection 5.3.3 and the predicted class label using
the trained SVM, its fuzzy membership value should be set to a large value close to unity. Ify
has a large negative value, this will suggest that it is most likely to be an irrelevant image.
Since there is a strong disagreement between the predicted pseudo-label from subsection 5.3.3
and the predicted class label using the trained SVM, its fuzzy membership value should be set
to a small value close to zero.

The same arguments apply when the pseudo-label of the

selected image has been determined to be negative in subsection 5.3.3.
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Finally, we combine these two measures affecting the fuzzy membership to obtain the
fmal soft relevance estimate, namely:

(5.11 )
The estimated soft relevance of the pseudo-labeled images is then used in FSVM training.

5.4 Experimental Results
The proposed method is applied in our retrieval system. Subtractive clustering is utilized to
determine the cluster centers of the relevant and irrelevant images. It uses the following
parameters: ra is set to 0.075 and 0.25 for
~

rel~vant

=1.2ra , c A =0.5, and c R =0.2, where ra ,

RBF kernel, K(X;,Xj)=ex p[

Ilxi2~~J)

regularization parameter C = 100.

~,

and irrelevant samples, respectively, with

c A , andc R have been defined in Chapter 4.

is used for SVM, where (}=3 and the

Similar parameter selection scheme as explained in

Section 4.4 is used in the experiment. For each query, an initial set of 10 images is shown to
the user for labeling. An SVM is trained based on the 10 labeled images. 10 is a small number
that is set according to the user information need.

FSVM-based active learning is then

launched by selecting 1 images to the user to label. 1 is set to be 20 in the experiment.
In our experiment, the performance of the proposed PLFSVM method is evaluated and
compared with active learning using SVM [15]. The objective measure, which is based on the
Corel's predefined ground truth, is used. That is, the retrieved images are considered to be
relevant if they belong to the same category as the query image. 100 queries with one from
each category are selected for evaluation. Retrieval performance is evaluated by ranking the
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database images according to their directed distances to the SVM boundary after each active
learning iteration. Five iterations of feedbacks are recorded.
The average precision-versus-recall (APR) graphs after the first iteration of active learning
are shown in Figure 5.1. We have shown the results for two different numbers of initially
labeled images. From the figures, we observe that the PLFSVM method outperforms the
standard SVM method in both cases. The PLFSVM method provides higher recall rate at the
same precision level, and higher precision rate at the same recall level. For instance, the
PLFSVM method offers a precision rate of 55% compared to 38% offered by the SVM
method at 10% recall rate for 10 ==10. This reflects the effectiveness of the proposed PLFSVM
method.

In our experiments, it is observed that PLFSVM consistently achieves better

performance than SVM for different values of 10 •
We have also adopted the performance measure of retrieval accuracy to evaluate the
retrieval system. The retrieval accuracy performance of the PLFSVM method is given in
Figure 5.2 for the case of 10 ==10. It is observed that for both the top 10 and 20 returned
images, the retrieval accuracy of the PLFSVM method increases quickly in the first few
iterations. This is desirable since the user can obtain satisfactory results within the fITst few
iterations. It is worth emphasizing that the initial retrieval performance is very important
since users 0 ften expect quick results and are unwilling to provide much feedback. Hence,
reducing the amount of user feedback while providing good retrieval results is of great
interests for many CBIR systems. It is observed that our method offers an improvement of
16% (10 returned images) and 14% (20 returned images) over the SVM method after the fITst
iteration of active learning. The superiority of our method over the SVM method mainly lies
in the incorporation of pseudo-labeled images for effective learning.
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Figure 5.1

The average precision-versus-recall graphs (after the first iteration of active

learning). (a) APR for 5 initial labeled images, 10 = 5, (b) APR for 10 initial labeled images,

10 = 10.
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Figure 5.2 Retrieval accuracy of the PLFSVM and SVM methods. (a) Retrieval accuracy in

top 10 results, (b) Retrieval accuracy in top 20 results.
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5.5 Summary
This chapter presents a new PLFSVM framework that integrates pseudo-labeled images into
FSVM for CBIR.

The technique addresses the small sample problem by incorporating

pseudo-labeled images to enlarge the training data set. An unsupervised clustering algorithm
is used to select pseudo-labeled images by studying the characteristics of the labeled images.
The relevance of the pseudo-labeled images is estimated using the fuzzy membership function,
and integrated into the FSVM for effective learning. Experimental results demonstrate that
the PLFSVM method can achieve improved performance, while reducing the user workload.
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Chapter 6
Region-based Image Retrieval Using
Variable-Length Radial Basis Function
Network

6.1 Introduction
Region-based image retrieval (RBIR) systems have been developed to represent images at the
object level to achieve higher retrieval accuracy [5], [23 ]-[27].

They utilize image

segmentation to decompose images into regions, and then perform comparison of image
similarity based on the local features extracted from the constituent regions.
User interpretation of visual content tends to vary with respect to different users and
circumstances. In other words, the user perception of image similarity is subjective in nature.
Each image, depending on the context, can have many different interpretations. For instance,
given the same query image of "a model standing in front a car", one user may be more
interested in finding the images of models, while, another user may look for the images of
cars. Even the same

us~r

may perceive the same image differently under various situations.

However, some existing RBIR systems adopt fixed image similarity metric [5], [23]-[27].
They ignore the contextual dependency of visual content, therefore, failing to capture the user
perceptual subjectivity.

To address this issue, relevance feedback has been introduced to
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overcome some of the limitations associated with RBIR systems [28]-[38].
feedback is traditionally used in CBIR systems that use global features.

Relevance

There are still

relatively few works that incorporate it in the RBIR systems. Nevertheless, some preliminary
works have been done to combine RBIR with relevance feedback to improve the retrieval
performance.
Despite the preVIOUS works on relevance feedback for RBIR systems, it is still a
challenging task to develop effective and efficient interactive mechanisms to yield satisfactory
retrieval performance.

Some issues that need to be resolved include: (i) the learning

algorithm for region-based representation to progressively improve the retrieval accuracy
through interaction with the users, and (ii) the tradeoff between retrieval effectiveness and
realistic real-time requirement.
RBFN has been employed as an effective relevance feedback classifier in global imagebased CBIR systems [110], [111]. However, to the best of our knowledge, very limited work
has been done to extend it into the RBIR framework.

This is because the conventional

RBFNs are incapable of handling variable-length feature representation.

Images with

variable-length representation (VLR) in RBIR systems are described by sets of weighted
features that reflect the significance of the constituent regions in the images. The size of the
set may vary depending on the number of regions in different images.
To address the above-mentioned issues, we propose a new variable-length radial basis
function network (VLRBFN) in this chapter to model and learn the user perception of image
similarity in RBIR systems. The input data and RBF units of the VLRBFN have VLR. In
contrast to most existing feedback approaches in RBIR systems that are concerned with global
characterization of image similarity such as QPM [29], [30] and reweighting methods
[31]-[33], the proposed VLRBFN utilizes local function approximation of image similarity to
characterize the local context defined by the query and feedback images.

Under this
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framework, some important issues involved in the development of the VLRBFN have to be
addressed, which include: (i) center selection of the VLRBFN, (ii) weight determination of
the regions in the images, and (iii) training of the VLRBFN. To address these issues, the
following methods have been proposed: (i) an unsupervised subtractive clustering algorithm
for VLRBFN center selection, (ii) a region weight learning strategy that offers a hybrid of
perceptual determination and density estimation, and (iii) optimization of the underlying
network parameters (weight and width) of the VLRBFN using gradient-descent training.based
on feedback data. The trained VLRBFN is then used in subsequent sessions to retrieve the
images.
The organization for the rest of the chapter is outlined as follows. Section 6.2 introduces
the image segmentation algorithm, the region-based image representation, and the image
similarity measure.

In Section 6.3, we discuss the structure of the VLRBFN and the

clustering algorithm used in network construction. We further explore the new region weight
learning algorithm that determines the relevance of the regions in each cluster center. The
learning algorithm of the network is then explained in detail. In Section 6.4, experimental
results using the proposed method are discussed and compared with other techniques. Finally,
concluding remarks are given in Section 6.5.

6.2 Overview of the Proposed Region-based Image Retrieval
System
6.2.1 Overview of the System
The main processing of the VLRBFN system involves the offline and online stages. Omine
processing includes image segmentation, feature extraction and representation.
processing is the interaction between the user and the system.

Online

The complete online
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processing steps are described as fo Hows.
(i)

User submits his/her initial query to the system through query-by-example. The
system performs the K-NN search using the EMD for similarity matching. The top
K most similar images are displayed to the user for feedback.

(ii)

The user provides his/her feedback on the display images.

(iii) Subtractive clustering is performed on the respective relevant and irrelevant
feedback samples to determine the relevant and irrelevant cluster centers, which are
used to construct the hidden layer ofthe current update network.
(iv) The region weights of the obtained cluster centers in step (iii) are updated using the
proposed region weight learning strategy.
(v)

The constructed update network is combined with the previously trained VLRBFN
and trained using all feedback samples accumulated over the previous iterations.
Only the parameters of the update network are updated.

(vi) Retrieve new images from database based on the trained VLRBFN.
(vii) Stop if the user is satisfied with the retrieval results; otherwise, go to step (ii).

6.2.2 Image Segmentation and Region-based Image Representation
We use mean shift algorithm as our image segmentation method to partition images into
homogenous regions [112]. Mean shift algorithm is a technique for mode seeking in nonparametric distributions. We have explored various image segmentation algorithms and found
that the mean shift algorithm produces good segmentation results in our experiment.
Therefore, it is adopted in our system.
After image segmentation, for each region in the image, the color and texture descriptors
of the region are extracted and used to represent the regions. Color moments are used as the
color feature by extracting the frrst two moments (mean and standard deviation) from each

r
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channel of LUV color space [56], whereas wavelet moments are used as the texture feature
[62]. They are formed by applying three-level wavelet decomposition on the image, and
extracting the mean and standard deviation of the transform coefficients.

A more detailed

description of these two features has been given in Chapter 3.
Further, we use region weights to reflect the importance or relevance of the regions.
Studies have shown that humans generally focus their attentions on a few prominent areas in
an image [113 ]-[ 115] . Several factors have been found to influence human visual attention
including area [113], location [116], contrast [113]-[ 115], and shape [114], among others. In
our experiment, we explore and find that area and location are among the most effective
factors in measuring the perceptual importance of a region. Therefore, these two factors are
adopted in our retrieval system to determine the initial region importance. Importance due to
the region's area is calculated as the area percentage of the region with respect to the whole
image. This is in agreement with the viewpoint that important regions in an image tend to
occupy large areas. Importance due to location of a region is taken as inversely proportional
to the distance between the center of the region and the center of the image. This is based on
the assumption that important regions are usually located near the center of the image.
During the initialization process, the weights of area and location factors are summed up to
provide the initial region weights. These region weights are then normalized such that the
summation of all the region weights within an image is equal to one. During the feedback
process, a perceptual determination and density estimation-based region weight learning
strategy is designed to adapt the feedback region weights (relevance). The detailed algorithm
will be described in subsection 6.3.3. An illustration of feature extraction in the VLRBFN
system is provided in Figure 6.1.
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Figure 6.1 Illustration of feature extraction in the VLRBFN system.
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6.2.3 Image Similarity Measure
We employ the Earth Mover's Distance (EMD) to compare two images with their different
constituent regions [76]. The initial retrieved images are based on K-NN search using the
EMD. The EMD computes the distance between two distributions, which are represented by
signatures. The signatures are sets of weighted features that capture the distributions. The
size of the two signatures can be different. That is, the EMD can operate on variable-length
representations of the distributions, which is suitable for region-based image similarity
comparison. Intuitively, the EMD measures the least amount of work needed to transform
one image distribution into the other, which can be solved as a linear optimization problem.
The notion of "work" is based on the user-defined ground distance which is the distance
between two features. The EMD works as follows.
Let X p = {(C pi' Wp)

1:1} be an image with index p

that consists of m regions {R pJ:1

where C pi and Wpi represent the feature vector and weight of the region R pi ' Another image

X q = {(Cqj,Wqj)I~=l} with index q consists of n regions {Rqj}~=l where C qj and Wqj represent
the feature vector and weight of the region Rqj • Our objective is to find a set of optimal flows

Ii;

between C pi and C qj that minimize the overall cost L:1L~=lfud(Cpi,Cqj)' subject to

the following constraints:

Ii} ~O,

1 ~ i ~ m, 1 ~ j

n

L j=l./y.. -< Wp1.'

"m
.L.Ji=l J;. ~ W
1J

qj ,

1~

~

n

i ~m

l~j~n

m

(6.1)

(6.2)

(6.3)

n

L:1 L ~=1 J;j = min(L Wpi ' L Wqj )
i=l
j=l

(6.4)
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Once we have obtained the optimal flows, the EMD between the images X p and X q can be
defined as:

,,~,,~

EMD(X X) = L.J 1=1L.J J =1
p'

q

j;.d(C .,C .)

"m "n
1]

pI

qJ

(6.5)

L.Ji=l L.J j =l J;j

where d (C pi' C qj) is the ground distance metric between C pi and C qj' In general, the ground
distance can be any meaningful distance measure.

Here it is chosen to be the Euclidean

distance. Since the summation of the region weights within each image is normalized to one,
m

that is,

n

LW = LW
pi

i=l

qj

= 1, therefore, the EMD between X p and X q is given as:

j=l

(6.6)
EMD is an image-to-image sinlilarity measure that combines information from all the
image regions. Each region in the frrst image will be compared with every region in the
second image. Therefore, as opposed to the individual region-to-region similarity measures
where a precise segmentation is essential, the EMD is relatively robust against imperfect
segmentation (over-segmentation or under-segmentation).

6.3 Progressive Variable-Length Radial Basis Function Network
(VLRBFN)
6.3.1 Structure of Progressive VLRBFN
In interactive RBIR systems, some works such as the QPM [29], [30] and reweighting
feedback approaches [31]-[33] are concerned with global characterization of image similarity
using a single model. For instance, the QPM method tries to find the single optimal query,

________________________L
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which is associated with a particular location in the feature space. Such a query model yields
a global evaluation for similarity learning.

However, the image relevance is most

appropriately characterized by multiple models, each of which has its own local
characteristics. Therefore, global modeling of image similarity may not adapt adequately to
the local context defined by the query and feedback images.

To fully exploit the local

characteristics of image relevance, it is more desirable to adopt a multi-cluster local function
modeling strategy to achieve better generalization. In addition, the learning speed of retrieval
systems should be fast since the users expect quick interaction. This motivates us to adopt the
radial basis function network (RBFN) as a good choice in the context of RBIR due to its
following properties: fast learning speed, simple network structure, piece-wise local function
approximation, and global generalization power [44], [97]-[99].
Conventional RBFNs use fixed-length kernel which are incapable of handling variablelength feature representation. In view of this, a new variable-length radial basis function
network (VLRBFN) with progressive learning capability is proposed. The VLRBFN is based
on the characteristics of variable-length region-based image representation in RBIR systems.

It progressively learns the user perception of visual content through continual feedbacks. The
schematic diagram of the network is given in Figure 6.2. It has a recursive structure (Figure
6.2(a)) in consideration of fast interaction required by the retrieval systems.

Since the

VLRBFN during the previous iterations has been trained to learn the user information need,
retraining the whoIe network for each feedback iteration is unnecessary and time consuming.
Therefore, a small update network (Figure 6.2(b)) is introduced to track the current user
information need based on newly retrieved images.

This enables a much smaller update

network to be developed and trained batch-wise, leading to significant reduction in training
time. Only the parameters of the update network need to be estimated in each feedback
iteration.
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F;-l (X)

X = {(Ck,~)lk=l}

F;(X)
+

Ut(X)

(a)

input layer

hidden layer

output layer

(b)
Figure 6.2 Schematic diagram ofVLRBFN. (a) Recursive structure ofVLRBFN, (b) Update
network.
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The input data to the network is an image with index i Xi == {(C k , ~)I;:l} that consists of
mi regions {Rk};~l with C k and Wk representing the feature vector and weight of the region

Rk • To simplify representation of notations, we drop the subscript i from Xi which then
becomes X == {(Ck,Wk)I;=l} as shown in Figure 6.2. The t-th iteration VLRBFN is built from
the (t-l )-th iteration VLRBFN progressively, and combined with the t-th iteration update
network.

The output of the t-th iteration VLRBFN F;(X) for an input image X can be

expressed as:

F;(X) == {F;-l (X) + Ut(X),

0,

t == 1,2, .. . ,T
t == 0

(6.7)

where F;-l(X) is the (t-1)-th iteration VLRBFN output, Ut(X) is the update network output,
and T is the total number of feedback iterations. The update network consists of an input
layer, a hidden layer and an output layer. The input layer receives images of region-based
representation, with one input-layer unit for each region. As a result, the number of inputlayer units m varies with the number of regions in the input image X. The input layer is
connected to the hidden layer which is constructed from the feedback images. Each RBF unit
of the hidden layer has a region-based image representation. The number of RBF units ct
may vary depending on the feedback images at iterations t.

For simplification of

representation, we drop the subscript t and utilize the symbol c to denote the number ofRBF
units for U t (X). It is worth noting that all input-layer units of the input image X interact with
each hidden unit that is connected to them. The output layer has a single unit whose output
value U t (X) is the weighted combination 0 f all the responses from each RBF unit. {w;} ~=l is
the set of output connection weights at the t-th iteration. The method is computationally
efficient since only the parameters of the update network need to be estimated. It is also
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algorithmically effective as all feedback samples accumulated over the previous iterations are
used to train the update network. The detailed network structure and parameters updating
algorithm will be described in subsection 6.3.4.
It is noted that the proposed VLRBFN differs from the conventional RBFN in several
ways. The VLRBFN is developed for variable-length region-based image representation in
RBIR systems, while the conventional RBFN can only handle uniform-length feature
representation. Further, traditional RBFNs use a fixed-length kernel in the computation of
image similarity, which cannot be applied in VLR. Therefore, a kernel function centered on
VLR has been introduced. In particular, a distance metric called the EMD is employed as the
distance measure in the kernel function. Under this framework, some important issues
involved in the development of the VLRBFN have to be addressed: (i) center selection of the
VLRBFN, (ii) weight determination of the regions in the images, and (iii) training of the
VLRBFN. We will outline how this study addresses these issues in the following few sections.

6.3.2 Modified Subtractive Clustering for VLRBFN Center Selection
The VLRBFN structure determination involves selecting the appropriate number ofRBF units
and their initial values. In image retrieval systems, the relevant samples tend to form clusters,
while the irrelevant samples often scatter around the classes. An important aspect of image
retrieval systems is that they usually require fast interaction. Hence reducing the number of
RBF units while maintaining a good representation of image similarity will cut down the
training time of the network. In view of this, we develop the utilization of a proper clustering
process to determine the VLRBFN centers so that a compact structure of the VLRBFN can be
achieved. The feedback samples are clustered according to their types: relevant and irrelevant.
This will then be used to construct the hidden layer of the VLRBFN. We have employed
subtractive clustering in Chapter 4 as it is fast, efficient and does not require the number of
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Considering the variable-length, multi-region image

representations, and many-to-many region mapping between any two images, we propose a
modified subtractive clustering algorithm, which calculates the distance between two samples
based on the EMD.

6.3.3 Perceptual Determination and Density Estimation for Region Weight
Learning
After subtractive clustering, we obtain a set of c cluster centers at the t-th feedback iteration

of regions in it. These estimated centers can belong to either the relevant or irrelevant class.
Since different regions in an image have unequal importance (relevance) for computing image
similarity, the relevance of the constituent regions in each cluster center has to be learned
when feedback information is available. The feedback relevant images belong to the same
semantic class, while the irrelevant images usually belong to multiple classes. Therefore, we
only employ relevant images for region weight learning since irrelevant images are not
representative enough of the negative class and can be misleading in the estimation of region
weights. Under this framework, only region weights in the relevant cluster centers need to be
learned.
A typical image consists of segmented regions. Generally there exist one or two most
salient regions (user's regions of interest) in each image that characterize its primary semantic
information. Therefore, the regions should be assigned the largest importance. Often these
salient regions can be detected reliably based on the human perceptual model as mentioned in
subsection 6.2.2. As for other less salient regions, it is also important to have reliable weight
estimation. This is because all the regions have contributions towards the image-to-image
similarity (EMD measure) in order to reduce the impact of imperfect segmentation. Further,
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considering the fast-interaction requirement, a more systematic and efficient approach to
estimate the region weights is required. When we have a set of relevant images sharing the
same semantic meaning, the most salient regions from all the relevant images can be
combined to represent more accurately the primary semantic information that the user is most
interested.

Our objective, therefore, is to fIrst determine the most salient region in each

relevant image respectively such that these regions jointly capture the semantic class of a
user's query at the primary level. We then utilize the set of selected regions from all the
relevant images for weight estimation of other unseen regions. In this work, the perceptual
importance of the regions can be utilized together with the feedback information in
determining the salient regions. In doing so, the salient region selection is based on a set of
relevant images instead of one single image, hence making it more robust. Since these salient
regions are from a semantic class, we can estimate their density distribution.

Then the

importance of a test region is evaluated by determining how it differs from the estimated
distribution. Because a precise estimate of the underlying region distribution is not required,
we make use of one-class SVM (OCSVM) [117], which does not impose any assumption on
the data distribution. This then serves as a basis for systematic region weight estimation.
We have employed area and location as two important factors in measuring region
importance as described in subsection 6.2.2. In this section, we adopt the same two factors to
compute the raw region perceptual saliency for consistency. The raw perceptual saliency 0 f
each region within an image refers to an unnormalized saliency as opposed to the normalized
region weight. It is used to perform comparison among regions in different images. We first
sort regions in each image according to their raw region perceptual saliency. Here, our basic
assumption is that the most salient region in each image is usually among the top r regions
ranked by their saliency in the image. Since r is much smaller than the total number of
regions in the image, the salient region selection among the top r regions instead of all the
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regions in each relevant image will cut down the computational time while maintaining a
reliable estimation. Let D

= {Xi}~=l

be the set of n relevant images, S = 0 be an empty set.

Our objective is to find the most salient region for each image in D. First, we choose the
region with the largest saliency value among the top r salient regions ofeach image in D as a
starting point. Once a salient region is selected, it will be added into S, and the corresponding
image that contains it will be removed from D. Next, we select a region from the top r
salient regions in the rest of the images in D. The region that is the mo st similar to the
centroid of the selected regions in S is chosen.

The similarity measure is based on the

Euclidean distance between them. The smallest distance indicates the largest similarity. By
comparing all the selected regions so far in S with the unselected regions in D, one salient
region from a relevant image in D is chosen at each step. This iterative process terminates
until D is empty.
After the perceptual strategy to determine the set of salient regions S =

{Xi}~=l

, we

estimate their density distribution using OCSVM. The basic idea of OCSVM is to learn a
function that fits the training data from only one class into a small region. Our strategy used
to learn the function is to fITst map the input data into a high-dimensional feature space
through a mapping function, and then separate the data from the origin by a maximal margin
hyperplane. Given the training data S = {Xi}~=l' OCSVM finds the optimal hyperplane by
solving the following optimization problem [117]:

. . . -111w 11 +-LJ~i
1 ~j:: - P
mInImIze
2
vn i=l
subject to w· cp(x i ) ~ p -~i' ~i ~ 0, i = 1, ... ,n
2

(6.8)

where w is the normal vector of the hyperplane, n is the number of training data, ~i is the
slack variable and p is the offset of the decision function. v E (0,1) is the regularization
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parameter. It controls the tradeoff between maximizing the distance from the origin and
containing most of the training samples on the side of the hyperplane that does not contain the
origin.

The optimization problem can be transformed into the following equivalent dual

problem:
n

n

minimize LLaiajK(xi,x j )
i=1 j=l
1
n
subject to O~ai ~-, Lai =1, i=I, ... ,n
vn i=1

(6.9)

where (Xi is the Lagrange multiplier. K(xi,x j ) is the kernel function in the input space that
computes the inner product of two samples

Xi

and

Xj

in the feature space, that is,

K(xi,x j ) = qJ(xi)·qJ(x j ). Using the kernel trick, we can construct the optimal hyperplane in
the feature space without having. to know the mapping qJ.

The decision function of the

OCSVM can be represented as:
n

I(x)

= w·qJ(x) - p = L(XiK(xi,x)- P

(6.10)

i=l
The decision function of OCSVM returns a positive value if a test data belongs to the region
that contains most of the training data, otherwise it returns a negative value. Each region in
the relevant cluster center is given a score by the decision function of OCSVM. Since the
training data are the salient regions that the user have most interest in. Test regions with
higher scores are more likely to dwell in the neighborhood of regions of interest, and therefore
should be assigned larger weights, while regions with lower scores will be assigned smaller
weights. These scores correspond to the degrees of region importance and can be taken as the
weights of the associated regions. They are then normalized such that the region weights fall
into the range of [0,1] and the summation of region weights within a relevant cluster center is

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 6

120

equal to one.

6.3.4 VLRBFN Training Algorithm
After obtaining the initial VLRBFN center estimates, we are ready to discuss the learning
process of the VLRBFN.

In this study, relevance feedback is implemented as an online

supervised learning process by adjusting the underlying parameters of the network. The error
function Et at the t-th iteration is defined as:

1 NT 2
1 NT
Et = jt = 2 j=l
2 j=l

Le

L(r:(xj ) -F;(Xj ))

2

(6.11 )

where NT is the total number of training samples, and ejt is the error signal for the j-th
training sample X j at the t-th iteration. F;(X j ) and
~(Xj)

network output for X j ' respectively.

~(Xj)

represent the actual and desired

is set to 1 and 0 for X j associated with the

positive and negative feedback, respectively.
Traditional RBFNs use fixed-length kernel in the computation of image similarity, which
cannot be applied in VLR. Therefore, we utilize the EMD kernel proposed in [29], [30] for
the RBF units in the context ofRBIR, which is given by:

I(X

,
j

~t ,a;) = exp (- EMD

2

(X j , ~t)J

2(a:)2

'

t=I,2, ... ,T,

i = 1,2, ... ,c

(6.12)

where t is the iteration number, and T is the total number of feedback iterations. ~t and

a:

are the center and width of the i-th RBF unit at the t-th iteration. The values ~t are initialized
based on the outputs obtained using the subtractive clustering and region weight learning
approaches. Based on the kernel function, the update function U t (X j) is given as:
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c

Ut(X j ) = Lw:f(Xj,~t,cr:)

(6.13)

i=1

where

w; is the output connection weight.

function F;(Xj

)

Substituting (6.13) into (6.7), the VLRBFN output

can be expressed as:

{F,_l(X) +

F(X.) =
I

}

f w:f(Xj,~t ,a:),

t = 1,2, ... ,T

1=1

0,

(6.14)

t=O

The system training of the RBIR system at each feedback iteration is performed by
minimizing the cost function Et with respect to the network parameters of UI(X), namely,

9 = {w: ,

cr:

I

i

= 1,2, ... , c}. The learning process can be represented as:

(6.15)

where 8 is the solution space of the parametric vector 9.
The training is achieved using gradient-descent algorithm based on all the feedback
samples accumulated over all previous iterations. The update equations for

w: and cr: are

summarized as follows:
(i)

Weight estimation at the I-th learning iteration:

(6.16)

8E (I)
1 8w; (I)'

w~ (I + 1) = wf (I) -1]
I

(ii)

1

_I_

Width estimation at the I-th learning iteration:

i = 1,2, ... ,c

(6.17)

T

.,~----------------
;
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t

2

BE (I)
NT
EMD (X V (I))
t
= -W~ (I)" e . (l)f(X. V/ (I) (J'~ (I))
j' i
(I)
(1))3

oa:

1

f:t}t

),

(J'~ (I + 1) = a~ (I) -11
1

(iii)

The term

1

2

1

,

oE (I)
t
(I) ,

oa:

(a:

1

i = 1,2, . .. ,C

(6.18)

(6.19)

Repeat steps (i)-(ii) until convergence or a maximum number of iterations is reached.

ejt

(I) is the error signal of the j-th training sample X j at the l-th learning iteration,

111 and 11 2 are learning parameters for

w: and a: ,respectively.

It is noted that the gradient-

descent algorithm given in (6.16)-(6.19) does not involve back-propagation of error signal.
Thus, it requires less training time to converge when compared with other neural networks
such as multilayer perceptron.

6.4 Experimental Results
The performance of the proposed framework is evaluated on the same image database as
shown in Figure 4.8 in Chapter 4. Some selected examples of image segmentation results
using the mean shift algorithm are given in Figure 6.3. The proposed method is applied to
perform region-based image retrieval. Modified subtractive clustering is utilized to determine
the cluster centers of the relevant and irrelevant images.

The hybrid of perceptual

determination and density estimation strategy is used for region weight learning with r = 3 in
our experiment. RBF kernel with width a = 0.2 is used for OCSVM and the regularization
term v = 0.001. The VLRBFN is constructed progressively and trained iteratively using the
learning algorithms in (6.16)-(6.19).

The learning step-sizes are taken as 111=0.01 and

17 2 =0.00001. Similar parameter selection scheme as explained in Section 4.4 is used.
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(a)

(b)

(c)

(d)

Figure 6.3 Examples of segmentation results by the mean shift algorithm. Original images
are on the left, the corresponding segmented images are on the right. (a) Tiger, (b) Lion, (c)
Woman, (d) Cat.

6.4.1 Performance Comparison based on Precision versus Recall Measure
In our experiment, the performance of the proposed VLRBFN method for RBIR is evaluated
and compared with the approach using conventional RBFN for global image-based CBIR
(GRBFN) [111] (The method described in Chapter 4). To render a fair comparison, the same
features of color moments and wavelet moments are computed from the whole images as the
global features in the GRBFN method. Further, the proposed scheme is also compared with
another two feedback approaches called QPM for RBIR (RQPM) and SVM for RBIR (RSVM)
[29].

QPM is a widely used relevance feedback method in CBIR and has recently been

extended into RBIR. The RSVM method adopts the powerfulleaming machine SVM and has
achieved promising retrieval results. Experimental results indicate that our method achieves
much better retrieval performance than both the GRBFN and RQPM methods, and

T
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comparable retrieval performance to that of the RSVM method. It is worth noting that our
method is more computationally efficient than the RSVM method.

This is because the

proposed recursive network structure in our method reduces the training time as only a small
update network and its associated parameters need to be estimated. Further, the proposed
region weight determination scheme is efficient. In contrast, the RSVM method involves
determination of a new hyperlane at every feedback iteration, which is computationally
intensive. In addition, its region weight learning process is very time-consuming. Taking into
account the fast-response requirement, computational efficiency is also important for an
interactive retrieval system.

Therefore, our method is more desirable for an interactive

retrieval system than the RSVM method.
We employ the objective measure, which is based on the Corel's predefined ground truth.
In our experiment, 100 queries with one from each category, as given in Figure 4.8 in Chapter
4, are selected for evaluation. The precision and recall rates are averaged over all the queries.
The average precision-versus-recall (APR) graphs for top 25 retrieved images after 1 and 5
feedback iterations are shown in Figure 6.4. From the figures, we observe that the VLRBFN
method outperforms both the GRBFN and RQPM methods, while maintaining comparable
performance to that of the RSVM method. The VLRBFN method provides higher recall rate
at the same precision level, and higher precision rate at the same recall level than the GRBFN
and RQPM methods. For instance, the VLRBFN method offers precision rates of 48% (1
feedback iteration) and 88% (5 feedback iterations) at 20% recall rate. In comparison, at the
same recall rate, the GRBFN method offers precision rates of 30% (1 feedback iteration) and
54% (5 feedback iterations), and the RQPM method offers precision rates of30% (1 feedback
iteration) and 31 % (5 feedback iterations). This reflects the effectiveness of the proposed
method. Its advantage in terms of computational efficiency over the RSVM method will be
illustrated later.

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 6

125

0.9

c
o

0.8

.~

RSVM
VLRBFN
GRBFN
RQPM

.~ 0.7
..:::t:.

g 0.6

..0
"0
ID

-e

..--

0.5

ID

~ 0.4
c
o
:~ 0.3
u
Q)

0: 0.2
0.1
OL..--L..--I.---.l..---.l..--_.l..--_.l..--_.l..--_l.--_l.------=.:i

o

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Recall

(a)

RSVM
--- VLRBFN
GRBFN
RQPM

0.9
00

c

0.8

o

:~

0.7

..:::t:.

~ 0.6

..0
"0

\

Q)

-e

0.5

l.[")

~
0.4
ro
c

.~ 0.3

'0
Q)

0: 0.2
0.1
OL.--.L....--.L....--...L.--_...L.--_..L--_..L--_..L--_...l..-_...l..-----J

o

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Recall

(b)
Figure 6.4 The APR graphs in top 25 returned images. (a) APR after 1 feedback iteration, (b)
APR after 5 feedback iterations.
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6.4.2 Performance Comparison based on Retrieval Accuracy Measure
We have also adopted the performance measure of retrieval accuracy to evaluate the retrieval
system. The retrieval accuracy comparison is given in Figure 6.5. The retrieval accuracy is
averaged over 100 test queries, and six iterations of feedbacks are recorded. It is observed
that the retrieval accuracy of the VLRBFN method increases quickly in the fITst few iterations.
This is desirable since the users can obtain satisfactory results within a few iterations. Further,
it reaches steady-state retrieval accuracy of 90% in about 5 feedback iterations, which is very
close to that of the RSVM method (91 %). In comparison, the GRBFN and RQPM methods
achieve lower steady-state retrieval accuracy. The VLRBFN method offers improvements of
27% over the GRBFN method, and improvements of 45% over the RQPM method for steadystate retrieval accuracy. It is clear that the VLRBFN method consistently provides superior
results when compared with the GRBFN and RQPM methods. The superiority of our method
over the RQPM method mainly lies in the local modeling of image similarity and effective
learning to estimate the underlying network parameters. With integration of region-based
representation and effective interactive mechanism, our method can outperforlll the GRBFN
method that employs conventional whole image-based retrieval scheme.
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6.4.3 Computational Efficiency Analysis
The experiments are conducted on a PC with the following specifications: Pentium4 2.4GHz
processor, 512M RAM, Windows XP, Matlab 6.5. In our experiments, the average retrieval
time for each feedback iteration using the VLRBFN method ranges from 10 to 15 seconds for
the top 25 results.

This is around seven times faster than the RSVM method.

The

improvement in computational efficiency of our method is more significant as the number of
iterations increases.
The overall computational load of the proposed VLRBFN method and the RSVM method
during each feedback iteration lies mainly on two stages: (i) classifier training, and (ii)
distance metric calculation of all images in the database during similarity matching. Since
both methods adopt the same distance metric (EMD), the second stage of similarity matching
can be ignored for computational load comparison. For the fITst stage of classifier training in
the VLRBFN method (cluster formation, region weight determination, and network parameter
estimation), it is noted that the computation of network parameter estimation dominates the
training process. The proposed recursive structure greatly reduces the training time as only a
small update network U,(X) and its associated parameters need to be estimated.

The

computational load due to cluster formation and region weight determination is small
compared to network parameter estimation. On the other hand, the training of the RSVM
method (region weight determination and SVM parameter estimation) involves determination
of a new hyperlane at every feedback iteration.

This process involves significant

computational time as the quadratic programming problem of the full SVM needs to be solved
at each iteration.

Further, the RSVM ,method utilizes a region weight learning scheme

centered on region frequency and inverse image frequency. It assumes that important regions
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should appear more often in the positive images than in other images in the database. This
involves similarity comparison between each region in the positive images and regions in all
other images in the database, hence making it very time-consuming especially for large
databases. As a result, our method offers better computational performance than the RSVM
method.

6.5 Summary
This chapter presents an efficient VLRBFN-based relevance feedback approach in interactive

RBIR systems. The basic idea is to introduce local modeling of image similarity to address
the local information contained in the users' feedbacks. During the feedback iterations, a
VLRBFN is constructed and progressively trained to achieve improved retrieval results. A
new kernel function of the VLRBFN centered on region-based representation is introduced
for image similarity. An unsupervised clustering algorithm is developed for VLRBFN center
selection based on the characteristics of region-based representation. The importance of the
constituent regions in each RBF unit is estimated using a hybrid of perceptual determination
and density estimation scheme. A gradient descent-based learning strategy is then employed
to estimate the underlying network parameters. Experimental results demonstrate that the
proposed method is effective in performing region-based image retrieval.

T
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Peer Tagging and Knowledge Propagation

7.1 Introduction
CBIR systems have been developed to address the shortcomings encountered in traditional
text-based image retrieval systems which use keywords to annotate images. Nevertheless,
CBIR systems experience the challenge of semantic gap between the low-level visual features
and the high-level semantic concepts.

On the other hand, keywords have more direct

correspondence with high-level semantics than low-level features. Therefore, it would be
advantageous to unify both keywords and visual features into CBIR systems. In doing so,
meaningful and efficient retrieval can be achieved by benefiting from the strengths of both
content- and keyword-based image indexing and retrieval algorithms.
Recently, a new trend in image annotation has been to use a new paradigm of peer tagging
where distributed users (particularly Internet users) add tags (keywords) to images. The main
idea is that individual users can apply arbitrary tags to images that they have uploaded for
sharing, or participate in voluntary tagging of images that are of interests to them. The notion
of peer tagging has transformed the conventional intensive, single-user annotation task into
voluntary, simple, and multiple-user process. The power of peer tagging based on free and
voluntary manpower can be demonstrated in Wikipedia, a free online encyclopedia. Created
in January 2001, Wikipedia has attracted some ten thousand voluntary contributors from all
over the world to add or edit information in it. Online media (image and video) tagging
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systems have emerged recently and become increasingly popular such as Flickr.com [39],
Smugmug.com [40], and YouTube.com [41]. For instance, YouTube.com has an average of
50,000 new video uploads a day, coupled with tags for indexing and retrieval.

It also

managed to attract more than 20 million visitors in May 2006 alone [118]. Notwithstanding
their attractive features, these systems do not explore the correlation between the tags and
media content, hence underutilizing the information available.

Further, some Images or

videos in the systems may not properly annotated or even annotated at all.
In this chapter, we propose to incorporate the notion of peer tagging into CBIR systems.
To the best of our knowledge, very little research work has been done on peer tagging in the
context ofCBIR. Online peer tagging can help to improve the effectiveness and efficiency of
image annotation, hence facilitating image retrieval. An important potential application of the
proposed idea is Internet image search engine. Current Internet image search engines such as
Google and Yahoo image search rely on keywords alone [119], [120]. They utilize the clues
such as image filename and text surrounding images to index the images, which may be
inaccurate, or at times irrelevant. In contrast, the new paradigm 0 f incorporating peer tagging
into CBIR systems and developing effective fusion algorithms to combine tags and visual
features will lead to new perspective in Internet image search engines.
Due to the broad scope of online peer tagging, and the need for significant user
participation to perform comprehensive tagging, we focus on knowledge propagation of
keywords in this study. This is the process of automatically propagating keywords from a
subset of annotated (labeled) images to the rest of the unannotated (unlabeled) images in the
database. One issue that needs to be addressed adequately in the current peer tagging systems
is that only a fraction of the images out of the complete collection is annotated. Knowledge
propagation thus can be utilized to resolve this problem. Knowledge propagation is beginning
to gain popularity in CBIR systems in recent years. It reduces the enormous burden involved

.,
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in full manual annotation of large image database, thereby facilitating image retrieval. The
proposed knowledge propagation scheme is based on image content analysis and training of
keyword classifiers.

First, all images in the database are segmented into regions. Image

content descriptors (color and texture) are extracted from each region and represented using
feature vectors. Region weight is further used to reflect the importance of each region. A
subset of images out of the complete database is manually annotated with keywords, which
are used as the training set. To perform weight estimation of unseen regions, we fITst apply
genetic algorithm (GA) to select salient regions from the training images. Once the salient
regions are determined, OCSVM is employed to estimate their density distribution.

The

importance of a region in the training images is then evaluated by determining how it differs
from the estimated distribution. After estimating the region weights, an RBF-based classifier
is trained for each keyword based on the content (region feature vectors and their weights) of
the training images.

Once these keyword classifiers are fully trained, they are used to

propagate keywords with associated soft relevance values to other unannotated images in the
collection.
The organization for the rest of the chapter is outlined as follows. Section 7.2 studies the
unique issues in peer tagging including HCI for image tagging, tag generation and formation,
and tag clustering. In Section 7.3, we present the developed knowledge propagation scheme
in detail.

In Section 7.4, experimental results using the proposed knowledge propagation

method are discussed and compared with other techniques. Finally, concluding remarks are
given in Section 7.5.
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7.2 Peer Tagging
7.2.1 Human-Computer Interface (HCI) for Image Tagging
The mechanism of HCI for tagging can have great impact on the performance of image
tagging. It involves an important issue of tagging granularity. Granularity specifies whether
tagging is based on segmented regions in the images or on the global images. Since an image
is worth a thousand words, different users tend to have different interests in the rich content
embedded in an image.

Therefore, it would be useful to provide individual regions of

interests to the users for tagging. However, tagging with high granularity requires precise
image segmentation, which is very difficult to achieve in practice. For instance, inaccurate
segmentation may result in an object being partitioned into several regions, with none of them
being representative of the object. Presenting these non-meaningful regions to the users will
trouble them, while tagging with low granularity could potentially avoid such problems.
Further, high granularity tagging implies tagging many discrete regions of the images, which
requires more user participation than tagging the who Ie images.
Nevertheless, it should be noted that image segmentation may be more accurate and
precise in some domain-specific applications as opposed to general-purpose image
segmentation. Under this circumstance, high granularity tagging may be more useful than
low granularity tagging. Therefore, the utilization of the level of tagging granularity can vary
with respect to different applications. A flexible way to achieve a compromise between the
two is by offering the users both levels of tagging granularity.

Users can choose to tag

segmented regions or the whole images according to their preferences. This will provide a
user- friendly environment for image tagging by adapting the tagging interface to suit different
user needs and expectations.

,
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7.2.2 Tag Generation and Formation
Peer tagging offers a low-cost alternative by allowing the users to add any chosen tags to
online images. Nevertheless, the issue of tag reliability may arise because users choose the
tags without any restrictions. For example, spelling mistakes may happen in inserting tags.
The users may also use inaccurate, irrelevant, or esoteric tags. The results are umeliable tags
that do not support effective image retrieval. As a consequence, it will incur extra efforts to
identifY the most appropriate tags for images. This is in contrast to conventional manual
annotation where some expert annotators control the tags about images. Therefore, the issue
of tag reliability needs to be considered when generating tags. One possible solution to this
problem is a compromise between the two by letting the users collaborate with expert
annotators. In doing so, umeliable tags (incorrectly spelled tags, inaccurate, irrelevant or
esoteric tags) can be greatly reduced with the supervision and guidance of the experts. The
results will be rich and high-quality tags generated by combining the benefits of both.
Other means of generating reliable tags can be used.

One possible way is to utilize

suggestive tagging that suggests a list of possible tags to the users for the images to be tagged.
The suggested tags may be based on tags assigned to the same images by other users. For
instance, the popular tags from other users can be employed as suggested tags for the same
images. The main idea is that popular tags are used by large number ofusers and will indicate
some form of agreement and coherence amongst the users. Therefore, they are very likely to
be used by a new user for the same images. An example of such visualization paradigm is
implemented in Flickr.com called tag cloud as shown in Figure 7.1. The popularity of a tag is
reflected by its displayed size in the tag cloud. Tags with larger font indicate more popularity,
while the displayed order is generally alphabetical. In addition, the suggested tags can also be
generated from related tags of other images by exploring the correlation between the existing
tags and associated content of the images. Further, suggested tags can be presented to a user
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on the basis of the user's previous tagging behavior. For instance, we can observe how many
tags a user have added, analyze the motivations when adding tags, the reasons for choosing
particular tags and the decision-making process behind tag selection.
More research is needed to provide a more user-friendly environment so that the users are
willing to participate in the tagging process, enter more reliable and useful tags, and are
attracted to return to the tagging process again.

Figure 7.1 The tag cloud on Flickr.com.

7.2.3 Tag Clustering
Peer tagging provides users the opportunity to assign tags to tmages according to their
preferences. On the other hand, because of human perceptual subjectivity, different users tend
to assign slightly different tags to the same image. This will result in a large number of
diverse tags that does not support effective search and efficient collection management. Often,
these. tags are related and do not stand alone, which can be grouped into clusters for better

T

~
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Tag clustering, therefore, is employed to identify groups of tags sharing similar

semantic concepts. The resultant clusters can be used as a thesaurus to facilitate searching.
An example of tag clustering can be shown in Flickr.com as illustrated in Figure 7.2. We can
see that given the tag "Singapore", Flick.com returns several related semantic categories. with
finer distinctions from each other but associated with the concept of "Singapore". Both the
representative images and the tags that comprise each cluster are displayed to the users. Users
can further explore the clusters that are of interest to them by clicking on the displayed tags of
the respective clusters and browse through the images shown. Such visual display of clusters
through tag clustering offers an opportunity to explore the image collection, hence improving
the searchability 0 f the system.

I

I

fdi"'fiff"'ll*':llF"td""i&iW£:ili

.f

Figure 7.2 Illustrative example of tag clusters in Flickr.com.

Tag clustering finds groups of tags according to some measure of similarity.

An
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automated tag clustering algorithm has been proposed by first providing a similarity measure
among tags and then running clustering techniques on the tag space [121]. It is based on
counting the number of co-occurrences of any pair of tags and a cut-off point is selected to
determine when the co-occurrence count is significant enough to be used. Often, tags could
be grouped into clusters based on the relationships between them. The goal is, therefore, to
discover the tag relations by mining the tag space. The spelling and word morphology could
be used for determining the tag correlations. For example, similar spelling of "Chinese new
year" and "chinesenewyear" indicates a strong relation. In addition, two tags that use the
singular and plural of a word such as "cat" and "cats", "party" and "parties", the paradigm of
a word such as "tag", "tagging", and tagged", are also strongly related. Further, tags that are
of synonyms (different word but same meaning) could also be considered similar. Examples
of synonyms are the tags "film" and "movie", "sick" and "ill", "fast" and "quick", and "baby"
and "infant", among others. The process of tag clustering can be fully automated by the
system, or involve users' participation by allowing them to specify the relationships between
tags. This user specified knowledge could then be utilized to group tags.

7.3 Knowledge Propagation
7.3.1 Overview of the Proposed Knowledge Propagation Scheme

The proposed knowledge propagation scheme is based on image content analysis and training
of keyword classifiers. A schematic overview of the method is given in Figure 7.3.
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Figure 7.3 Schematic overview of the knowledge propagation scheme.
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A preprocessing step is performed by segmenting images into regions. Each region is
represented by a feature vector and a corresponding weight that reflects its importance. The
procedure starts with annotating a subset of images from the database with one keyword
assigned for each image. This keyword-labeling scheme is simple since it does not involve
manual annotation of the segmented regions with multiple keywords. The entire annotated
images are used as training set. The remaining unannotated images in the database are test set.
For each keyword K" I = 1, 2, ... ,L , images that are labeled with it are considered as positive
images DK [ = {XJ7=1 while other images in the training set are negative images DR[ = {X j }7=1'
Since different regions in an image have unequal importance (relevance) for computing
image similarity, the relevance of the constituent regions in each image has to be learned.
Similar to the region weight estimation scheme described in subsection 6.3.3 of Chapter 6,
our objective is to fITst determine the most salient region in each image contained in DK[ such
that these regions jointly capture the semantic class K, at the primary level. We then utilize
the set of selected salient regions from all the images in D K[ for weight estimation of other
unseen regions. It is noted that we have adopted human perceptual model to detect the salient
regions. From an optimization point of view, finding the salient regions in each image in DK[
can be formulated as a combinatorial optimization problem. The objective function to be
optimized is based on a similarity measure between the regions.

In this work, GA is

employed to find the salient regions inDK [. It is chosen due to the following reasons: (i)
knowledge propagation is an omine procedure which does not have the real-time requirement,
(ii) GA is known to be an effective method to solve combinatorial optimization problem, (iii)
GA is easy to implement, and (iv) GA has the characteristics of convergence towards global
optima. Instead of a sequence of single potential solution, GA operates on a population of
potential solutions to solve the optimization problem. The implicit parallel exploration of the

1
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search space reduces the possibility of being stuck in local optima [122]-[124].
Since the selected salient regions are from one semantic class, we can estimate their
density distribution. The importance of a region in the training images is then evaluated by
determining how it differs from the estimated distribution. We employ OCSVM to estimate
their density distribution. Each unseen region is given a score by the decision function 0 f
OCSVM. Regions with higher scores are more likely to dwell in the neighborhood of regions
of interest, and therefore should be assigned larger weights, while regions with lower scores
will be assigned smaller weights.

These scores correspond to the degrees of region

importance and can be taken as the weights of the associated regions. After estimating the
region weights of the training images, for each keyword K" a binary RBF classifier CK[ is
trained based on the visual features (regions and corresponding weights) of the positive
images in DK and negative images in D K- . The RBF classifier used here is based on the
[

[

EMD kernel as introduced in Chapter 6. In total, an ensemble of L binary classifiers {CK[}~=l
is trained for the L keywords. The trained classifiers are then used to propagate keywords to
the test (unannotated) images.

Each test image is classified by the L trained classifiers

respectively and assigned a set of soft labels according to the decision output of the classifiers.
The so ft labels with associated keyword membership values reflect the likelihood that a
keyword matches the image. As OCSVM and RBF with EMD kernel have been described in
Chapter 6, we present the procedure of salient region selection using GA in the following
subsection.

7.3.2 GA for Salient Region Selection
GA is a widely used evolutionary algorithm inspired by the procedure of evolution in nature
[122]-[124]. It is usually applied for solving optimization problems. Instead ofa sequence of
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single potential solution, GA operates on a population of potential solutions to the
optimization problem. It genetically breeds the population of individuals that are represented
by chromosomes. Each individual denotes a potential solution to the problem and is assigned
a fitness value· that measures the quality 0 f the corresponding solution. GA starts with an
initial population of randomly generated individuals.

Fitness of each individual in the

population is then calculated using a fitness function.

Fitter individuals from the current

population are selected for reproduction using a selection method.

Next, the selected

individuals go through the procedure of crossover (recombination) and mutation to produce
new population. The genetic operators of selection, crossover, and mutation are iteratively
applied to the population until the termination criterion is satisfied. Each iteration of this
process is called a generation. A pseudo-code outline of the simple genetic algorithm (SGA)
is shown in Table 7.1 to illustrate the basic components of GA [122]. The population of
candidate solutions at iteration t is represented by pet).
begin
t= 0;
initialize pet);
evaluate pet);
while not done do
t = t + 1;
select pet) from P(t-l);
reproduce pairs in pet);
evaluate pet);
end while

end
Table 7.1 Procedure ofSGA.

The details of the GA used to solve our problem are now given. First, for each keyword
K[, GA generates a random population of chromosomes. A chromosome consists of encoding

of the parameter set, with each gene of the chromosome encoding a variable in the parameter
set. Often, chromosomes are represented by binary strings of Os and 1s in classical GA. In

1
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our work, an integer-value representation of the chromosomes is utilized.
image

Xi

is represented by its index j

E

where mi is the total number of regions in

A region xij in

{I, ... ,mi } which is an integer between 1 and mi ,
Xi'

The region index refers to the unique label

that is used to identify a region in an image. Therefore, integer-value representation provides
a natural and convenient way of expressing the mapping from the chromosome representation
to the problem domain. Each chromosome thus contains the indexes of the selected regions,
with each gene of a chromosome being the index of a region from each image. GA then
operates on the encoding of the variables (region indexes) rather than the variables themselves
(feature vectors of the regions). A chromosome S generated in this case can be illustrated as

S= [1 3 2 4 6], which denotes region 1, region 3, region 2, region 4 and region 6 from their
respective images. The length of a chromosome is n which is the size of D KI

•

Next, the fitness value of each chromosome in the population is evaluated by a fitness
(objective) function, which is the function to be optimized. Higher fitness values correspond
to fitter chromosomes.

This fitness evaluation process is performed after decoding the

chromosomes into the problem domain (candidate regions). Intuitively, salient regions from
the same semantic class are both visually similar and perceptually important. Therefore, the
fitness function is designed using both visual and perceptual similarity measures.

Visual

similarity among the set of candidate regions can be measured using the sum of the Euclidean
distances from each region to the centroid of all the candidate regions. This is a reflection of
the compactness of the regions.

Smaller distances indicate larger visual similarity among

them. While perceptual importance can be evaluated using human perceptual model. Based
on this argument, an exponentially-based fitness function is selected and defined as follows:

f(S

K,)=exp [ -i=1,jE{l"~}'XijEX; Ilxif ::K111]

(7.1)
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where SK{ is a chromosome in the population for keyword K[. Il K{ is the centroid of the
regions

{xij

i == 1, .. . ,n, j

E

{I, . .. ,mj } } corresponding to chromosome

region perceptual saliency of

xij as defined in subsection

the perceptual importance of region
X!i

x!i'

Ilxij - IlK{11

SK/'

wij

is the raw

6.3.3 of Chapter 6, which denotes

is the Euclidean distance between region

and the centroid Il K/' The distance is further weighted by the respective region perceptual

saliency

wij'

If the regions are visually similar

important (wij is large),

Ilxij - II I
K

(1lxij - ilK/II

is small) and perceptually

will be small. Consequently, the corresponding fitness

wij

value f(S K/) will be large due to the exponentially decaying function.
Once each chromosome has been assigned a fitness value, a selection operation is
performed to choose fitter chromosomes from the population according to their fitness.
Chromosomes with higher fitness values are more likely to be selected to reproduce. There
are several selection methods in GA such as fitness-proportionate selection, ranking selection,
and tournament selection. In this work, we employ the fitness-proportionate selection scheme
called stochastic universal sampling (SUS) [125]. In SUS, an interval sum is determined as
either the sum of the individuals' selection probabilities or the sum of the individuals' raw
fitness values. Individuals are then mapped to contiguous segments of a line in the range [0,
sum]. The size of each individual's segment corresponds to its fitness value. Considering N

number of parents to be selected, N equally spaced pointers are placed over the line. The
distance between the pointers is sum/No

The position of the first pointer is given by a

randomly generated number in the range [0, sum/N]o Individuals whose segments span the
positions of the pointers will be selected. An example of SUS selection method is illustrated
in Figure 7.4 given a population of 10 individuals. Their selection probabilities and fitness

1
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values are shown in Table 7.2. Individual 1 is the fittest individual and consequently occupies
the largest interval, whereas individual lOis the least fit one, hence having the smallest
interval on the line (Figure 7.4). In this example, sum equals to 1 which is the sum of the
individual's selection probability. The selection probability of an individual is computed as
its raw fitness value normalized by the total fitness values of the population. If 6 parents are
to be selected, the distance between the pointers is 1/6

=

0.167. Suppose a random number

generated in the range [0, 0.167] is 0.1, which is the position of the fITst pointer, SUS will
select the individuals 1, 2, 3, 5, 6, 9 for mating.

Individuals
1
Fitness value
2.2
Selection probability 0.17

2
2.0
0.15

3

4
5
1.8
1.6
1.4
0.14 0.12 0.11

7
6
1.2
1.0
0.09 0.08

9
8
0.8
0.6
0.06 0.05

10
0.4
0.03

Table 7.2 Selection probabilities and fitness values of 10 individuals.

pointer 2

pointer 1

Individual

I
0.0

It
i

I
0.17

J

I
0.32

pointer 3
3

tl
0.46

pointer 5

pointer 4
4

It
0.58

5

I
0.69

pointer 6

6t~
0.78

0.86 0.920.971.0

random number 0.1

Figure 7.4 Illustration of SUS.

The selected chromosomes then go through the process of crossover and mutation to
create new chromosomes in the next generation. Crossover involves information exchange
between two chromosomes. It combines substructures of two parent chromosomes to form
new child chromosomes with certain probability. Some commonly used crossover methods
include single-point, two-point and uniform crossover. Single-point crossover is utilized in
this work. In single-point crossover, one crossover point is picked within the chromosomes of
both parents. At that point, the parent chromosomes are split into sub-chromosomes which
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are swapped to generate new offspring. An example of single-point crossover is illustrated in
Figure 7.5. Given two parent chromosomes, a crossover point at position 3 is selected along
the length of the parent chromosomes. By exchanging all genes on the right side of this
crossover point between the two parent chromosomes, two new offspring chromosomes are
produced. Mutation is a genetic operator that alters one or more genes in a chromosome with
probability to preserve generic diversity within the population. Figure 7.6 shows the mutation
process.

In this example, the fifth gene of a chromosome is mutated to create a new

chromosome. By introducing variations into the population of chromosomes, mutation can
help to avoid local minima. Crossover is the dominant operation in GA and is usually applied
with a high probability. Mutation in contrast only serves as a background operation and
occurs with a low probability. This iterative process proceeds through subsequent generations
until the maximum number of generations has been reached. The result is an optimal solution
to the problem, that is, a set of salient regions.

Parents:

Offspring:

1

2

3 12

3

5

1 I 5

1

2
5

3

5

6

8

7

1

2 7 1 6
Crossover point
3 15 9 2 7 1 6
1 12 5 6 8 7 1
9

Figure 7.5 Single-point crossover operator.

Before mutation:

1

2

3

5

After mutation:

1

2

3

5

9

l

5

2

7 1

2

7 1 6

Figure 7.6 Mutation operator.
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7.4 Experimental Results
The performance of the proposed knowledge propagation scheme is evaluated on the same
image database as shown in Figure 4.8 in Chapter 4. The following preprocessing procedure
is applied, which is the same as described in Chapter 6.

All images are segmented into

regions using mean shift algorithm. Each region is characterized by both color and texture
features and is assigned an initial region weight.
The image database contains 100 different semantic categories, which are predefined by
the Corel Photo Gallery based on their semantic concepts. Images in the same category share
the same semantic meaning. We predefine 100 keywords with each keyword describing the
semantics of an image category, which are listed in Table 7.3. The predefmed keywords could
reduce the diversity of the annotations from different annotators and are utilized to establish
the ground-truth annotations. The ground-truth annotation for an image in the database is the
keyword describing the category that contains the image.

This serves as the basis for

annotation performance evaluation. A small percentage of images are sampled from each
semantic category, which are used as the training set. Since there are a total of 100 keywords
characterizing all images in the database, therefore, each of the training images is manually
annotated with one of the 100 keywords. The remaining unannotated images in the database
are the test set.
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lion
tiger
horse
mountain
plant
cloud
mushroom
cave
jack-o-lantern
ancestor
antique
autumn
balloon
architecture
bobsled
bonsai
kitchen
bus
butterfly
binary-image

canvas
car
card
cat
college
crystal
cuisine
cyber-art
decoy
design
dog
drink
Easter-egg
fashion
firearm
firework
fitness
flag
foliage
door

frost
fruit
holiday
herb
kungfu
lighthouse
mask
lizard
mineral
rock
molecule
mosaic
dish
doll
old-post
old-works
penguin
owl
plant-art
leaf

Pyramid
rodeo
Rome
rose
royal-guard
rural
surf
sculpture
seed
seashell
skiing
space
sport
stamp
steam-engine
subsea
sunset
wave
seaside
textile

texture
cobble
tissue
tool
train
tribe
tulip
vegetable
warplane
waterfall
leopard
eagle
goat
nest
whale
woman
ship
youth
polo
epidermis

Table 7.3 Keyword list of the 100 image categories.

For each keyword K[, 1= 1,2, ... ,100 as listed in Table 7.3, the integer-valued GA is
employed to select salient regions from the positive training images. The population size is
50 chromosomes.

Crossover and mutation are applied probabilistically with a crossover

probability of O. 7 and a mutation probability of 0.08. The maximum number of generations is
400. OCSVM is applied for density estimation of the salient regions selected by GA. An
RBF classifier is then trained using the positive and negative images for keyword K[. In total,
100 RBF classifiers are trained for the 100 keywords in the experiment. Similar parameter
selection scheme as explained in Section 4.4 is used. The parameter settings for OCSVM and
the RBF classifiers are the same as those adopted in Chapter 6.

Keywords are then

automatically propagated to the unannotated images using the 100 trained RBF classifiers.
Each keyword assigned to an image is associated with a weight (soft keyword membership
value) based on the decision output of the RBF classifier for that particular keyword. As a
result, each image is automatically assigned a set of 100 keywords along with weights
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reflecting the significance of the corresponding keywords in describing the image semantics.
Lastly, for each image, we perform a ranking on the keywords assigned to it according to the
keyword weights. Only the top 10 keywords become the final annotations of the images,
which we call auto-annotations of the images.
In our experiment, the performance of the proposed knowledge propagation method is
evaluated and compared with the model-based method called cross media relevance model
(CMRM) [85], and classifier-based method using SVM [89].

To assess the annotation

performance, we adopt the measure called annotation accuracy defined as follows:

Annoation accuracy = total number of test images correctly annotated
total number of test images

(7.2)

In the strict sense, a test image is considered to be correctly annotated if and only if the
keyword having the largest weight within its auto-annotation matches its ground-truth
annotation (strict annotation accuracy (SAA)). In a relaxed sense, an image is regarded as
correctly annotated so long as there exists a keyword in its auto-annotation that coincides with
its ground-truth annotation (relaxed annotation accuracy (RAA)).
We use both 10% and 20% of the images from the database for training. The remaining
90% and 80% images are used for testing, respectively. The results of SAA and RAA on, the
testing set are shown in Table 7.4. It is observed that our method consistently outperforms the
CMRM method, while maintaining comparable performance to that of the SVM method. For
instance, using 10% of images from the database as training set, our method offers SAA of
34% and RAA of72% on the test data, which is very close to that of the SVM method (SAA
of 35% and RAA of 72%).

In comparison, the CMRM method achieves much lower

annotation accuracy (SAA of 10% and RAA of 28%). Our method offers improvements of
24% (SAA) and 44% (RAA) over the CMRM method. This reflects the effectiveness of the
proposed method. Further, the annotation accuracy of ou~ method increases to 44% (SAA)
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and 79% (RAA) for 20% of images from the database as training set. This is slightly better
than the SVM method which achieves SAA of 41 % and RAA of78%. While the annotation
accuracy of the CMRM method has small improvement (SAA of 10% and RAA of 30%). It
can also be observed that our method maintains higher annotation accuracy (SAA of 34% and
RAA of 72%) even with just 10% of the database images as the training set than that of the
CRMR method (SAA of 10% and RAA of 30%) using 20% of the database images as the
training set.

This is desirable since we can obtain higher annotation accuracy with less

number of manually annotated images.

Method

10% of images from the database
as training set

20% of images from the database
as training set

SAA

RAA

SAA

RAA

CMRM

10%

28%

10%

30%

SVM

35%

72%

41%

78%

Proposed
method

34%

72%

44%

79%

Table 7.4 Results of average annotation accuracy.

7.5 Summary
This chapter introduces the new concept of peer tagging and explores the related issues
including HCI for image tagging, tag generation and formation, and tag clustering. The goal
is to incorporate peer tagging into CBIR systems to address the concern of the semantic gap in
CBIR systems. We further present a knowledge propagation scheme based on image content
analysis and training of keyword classifiers. Experimental results show that the proposed
method is effective for image annotation.

1
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Conclusion and Recommendations

8.1 Conclusion
In many CBIR systems, a critical problem that has not been adequately addressed is the
semantic gap between the low-level visual features and high-level semantic concepts. In
order to address this intrinsic difficulty, this thesis has investigated several issues in CBIR
systems using computational intelligence techniques. This investigation covers three main
categories: relevance feedback in CBIR (Chapters 4 and 5), relevance feedback in RBIR
(Chapter 6), and peer tagging and knowledge propagation (Chapter 7).

8.1.1 Relevance Feedback in CBIR
An important issue that needs to be considered in the formulation of relevance feedback is the
potential imprecision of user perception. Conventional binary labeling scheme in relevance
feedback requires a hard-decision to be made on the relevance of each retrieved image. This
is inflexible as user interpretation varies with respect to different information needs and
perceptual subjectivity. In addition, users tend to learn from the retrieval results to further
refme their information priority.

It is, therefore, inadequate to describe the users' fuzzy

perception of image similarity with crisp logic. In view of this, we propose a fuzzy relevance
feedback concept which integrates the fuzzy interpretation into the notion of relevance
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feedback in Chapter 4. As opposed to making hard-decisions, it allows soft-decisions to be
made with respect to the retrieval results in the form of fuzzy feedbacks. Thus the proposed
scheme reconciles the dilemma of binary or multi-level labeling by employing soft-decision
instead of hard-decisions on the retrieval results.

The relevance of the fuzzy images is

evaluated using an a posteriori probability estimator. Different images under the fuzzy label
are mapped into suitable relevance scores.

With the users' feedback, a corresponding

PFRBFN is developed to learn the different degrees of relevance embedded in the user
interpretation of image similarity.
Another issue associated with relevance feedback in CBIR systems is the small sample
problem where only a limited number of labeled images are available for learning. Learning
from insufficient training images often constrains the retrieval performance.

To address this

problem, we propose a new algorithm based on the concept of pseudo-labeling in Chapter 5.
It incorporates carefully selected unlabeled images to enlarge the training data set and assigns
proper pseudo-labels to them through a label propagation process. This is in contrast to most
existing relevance feedback approaches in CBIR systems that are concerned with the use of
labeled data only.

Further, some fuzzy rules are utilized to automatically estimate class

membership of the pseudo-labeled images. FSVM is designed to take into account the fuzzy
nature of some training images during its training. In order to exploit the advantages of
pseudo-labeling, active learning, and the structure of FSVM, we develop a unified PLFSVM
framework to perform content-based image retrieval.

8.1.2 Relevance Feedback in RBIR
For interactive RBIR systems, it is still a challenging task to develop effective and efficient
interactive mechanisms to yield satisfactory retrieval performance. As mentioned in Chapter
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1, some issues that need to be resolved include: (i) the learning algorithm for region-based
representation to progressively improve the retrieval accuracy through interaction with the
users, and (ii) the tradeoff between retrieval effectiveness and realistic real-time requirement.
To address these issues, we have proposed a new VLRBFN framework that integrates
relevance feedback into RBIR systems in Chapter 6.

It can be considered as a natural

extension of the proposed approach in Chapter 4. However, the unique characteristics of
RBIR systems need to be considered.

RBIR systems employ variable-length feature

representation as opposed to uniform-length feature representation in conventional globalbased image retrieval systems. On the other hand, conventional RBF networks use fixedlength kernel which are incapable of handling variable-length feature representation.
The VLRBFN adopts a new kernel function that is instrumental in handling variablelength computation of image similarity.

Further, an unsupervised subtractive clustering

algorithm is developed for VLRBFN center selection. In order to assess and estimate the
relevance of each region in the image, we propose a region weight learning strategy that
offers a hybrid of probabilistic estimation and perceptual determination. During the feedback
training process, the underlying network parameters (weight and width) of the VLRBFN are
optimized using gradient-descent optimization.

The trained VLRBFN is then used in the

subsequent sessions to retrieve images. A main advantage of the method is its computational
efficiency. This is because the proposed recursive network structure in our method reduces
the training time as only a small update network and its associated parameters need to be
estimated.

8.1.3 Peer Tagging and Knowledge Propagation
A recent trend in image annotation has emerged over the past 2-3 years. This involves the
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new paradigm of peer tagging which enables Internet users to annotate images online in a
voluntary, simple and effort-sharing basis. In Chapter 7, we propose to incorporate the notion
of peer tagging into CBIR systems and develop effective content- and keyword-based fusion
algorithm to address the issue of semantic gap. The main idea is to integrate the strengths of
content- and keyword-based image indexing and retrieval algorithms while alleviating their
respective difficulties. Unique issues related to peer tagging have been studied including HCI
for image tagging, tag generation and formation, and tag clustering. This will serves as a
foundation for future research on knowledge discovery through content and keyword fusion in
CBIR systems.
We further develop a knowledge propagation scheme based on image content analysis and
training of keyword classifiers. First all images in the database are segmented into regions.
Image content descriptors (color and texture) are extracted from each region and represented
using feature vectors. A region weight is further used to reflect the importance of each region.
A subset of images out of the complete database is manually annotated with keywords, which
are used as the training set. To perform weight estimation of the unseen regions, we first
apply GA to select salient regions from the training images. Once the salient regions are
determined, OCSVM is employed to estimate their density distribution. The importance of a
region in the training images is then evaluated by determining how it differs from the
estimated distribution. After region weight estimation, an RBF-based classifier is trained for
each keyword based on the content (region feature vectors and their weights) of the training
images. Once these keyword classifiers are fully trained, they are used to propagate keywords
with associated soft relevance values to the unannotated images in the collection.
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8.2 Recommendations for Further Research
CBIR is an exciting research area with many promising future research directions. To extend
and continue the research carried in this thesis, a list of possible directions for future research
is given below.

8.2.1 Content-Based Video Retrieval (CBVR)
Video is a key element in multimedia applications such as interactive TV, remote video
surveillance, and video conferencing, etc. There is a need to efficiently index, store, and
retrieve the visual information from video database [126], [127]. Currently, we concentrate
on image retrieval systems and algorithms. The frameworks can be extended into contentbased video retrieval (CBVR) systems in the future.

CBVR can be developed by frrst

segmenting the video stream into a sequence of temporally homogeneous shots. Each shot is
then characterized by one or a few key frames extracted from the shot. CBIR techniques can
then be modified to exploit these key frames for video retrieval.
Video content analysis and representation is the basis for constructing an effective CBVR
system. Since video has both spatial and temporal information, it is important to develop
analysis techniques to exploit the spatial and temporal attributes to support effective video
retrieval.
Similar to image retrieval, there exists a semantic gap between the low-level audio-visual
features and the high-level human perception in CBVR systems. Relevance feedback can be
incorporated to narrow the gap.

Significant advances on relevance feedback for CBIR

systems have been made, while limited progress has been achieved for CBVR systems.
Relevance feedback in CBVR is a more challenging problem since there is a temporal
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duration associated with the user feedback. Further, much more computing power is needed
for processing videos than for images.

8.2.2 Knowledge Discovery through Content and Keyword Fusion
CBIR systems experience the challenge of semantic gap between the low-level features and
high-level human perception.

Generally, keywords are the best descriptors for image

semantics. Therefore, it is desirable to integrate the advantages of content- and keywordbased image indexing and retrieval algorithms while alleviating their respective difficulties.
There are relatively few works in this direction, even though it is of practical importance.
Some recent works have been done on merging keywords and visual content in CBIR systems
[128]-[130].
By extending the research work as described in Chapter 7, a new framework of knowledge
discovery through content and keyword fusion can be developed in the future.

More

specifically, it includes: (i) to fully exploit the unique issues related to peer tagging such as the
optimal setting in HCI for image tagging, tag reliability, generation, clustering and
verification, and incorporate the paradigm of peer tagging into CBIR or CBVR systems, (ii) to
introduce effective fusion scheme to unify keywords and visual content, and (iii) to develop
new relevance feedback techniques on joint keywords and visual feature space.

8.2.3 CBIR in Domain-Specific Applications
The current state-of-the-art in CBIR for general-purpose images holds promise to be useful
for domain-specific applications such as medical images, art galleries, museum archives,
satellite and aerial image database, and surveillance related applications, among others.
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Nevertheless, CBIR systems are usually developed for general-purpose images. They are not
readily applicable to the domain-specific applications.

Consequently, domain knowledge

needs to be considered when extending CBIR algorithms to a particular application domain.
Domain-specific image retrieval is getting increasingly important. This is true especially
in medical field [131], [132]. In recent years, large volume of medical images including
ultrasound, computer tomography (CT), magnetic resonance imaging (MRI) and X-ray
images are produced in increasing quantities. Therefore, effective retrieval techniques for
medical images are needed to retrieve such visual information. An important application 0 f
medical image retrieval is in diagnostics. For instance, a clinician could retrieve similar cases
of patients from the medical archive before making a diagnostic decision, hence facilitating
clinical diagnosis and therapy.
Medical CBIR is a challenging research area.
purpose images in many ways.

Medical images differ from general-

Many powerful visual features for representing general-

purpose images may not be effective discriminators for medical images. For instance, color is
often of less importance for medical images than for general-purpose images since most
medical images do not contain colors.

Often, medical images emphasize more on local

features rather than global features. Majority of medical images captures human anatomy in a
three dimensional structure.

Therefore, image registration becomes necessary before

vo lumetric image comparisons and image feature extraction.

Further, the semantics

0f

medical images are usually objective and well defined while the semantics of general-purpose
images are diverse and may vary according to different human perception. In conclusion, the
use of domain constraints and prior knowledge is important in domain-specific applications.
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Appendix A

Gradient-descent algorithm is used to train the PFRBFN at each feedback iteration by
minimizing the cost function Et with respect to the network parameters of Ut(x), namely,

We now develop in detail the updating equations for W~i' V~i' and a~i'

First, the partial

derivative of E t with respect to W~i is calculated as follows:

(A.I)

As only the parameters of the update network Ut(x j ) need to be estimated in each feedback
iteration, we obtain:

(A.2)
NT

== - Lejtl(x j , V~i,cr~i)
j=l

Hence, weight estimation at the k-th learning iteration is:

(A.3)
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w:.;(k+l) = w:.i(k)-1]l

a~(k),

Owai(k)

a

E

{P,N,F},

i = 1,2""'!a

(A.4)

Similarly,

oE, = _ ~ oUt(x j )
L...Jej'
,
8v ai
j=l'
8v~i
fa

a

N

= _~

L...Jejt
j=l
N,

= _ ~ e.

L...J Jt

I I

W~i!(Xj' V~i'(J~)

aE{P,N,F} i=l

t

I

a

,
8v ai

.

w:.i exp [- (X j

-V~i)T A(x V~i)J
j -

2(a' .)2
at

i=l

aE{P,N,F}

O~ai

H

=-w~;tejl
j=l

exp [- (X j -V~i)T'A(Xj
2(a~i)2

(A.5)

-V~)JA(Xj -V~i)

N

(a t .)2
al

=-W~i:te"tf(x.,vt.(Jt.)A(Xj-V~i)
al
.

.I

at'

j=l

((J~i)

Hence, center estimation at the k-th learning iteration is:

oE,(k) _
,~
" A ( x j -v~i(k))
,
- -wai(k)L...Jej,(k)!(x j ,Vai (k),(Jai (k))
'2
8v ai(k)
j=l
(aai(k))

v'at.(k + 1) = v~i(k) -1]2
Furthermore,

oE,(k)
.(k)'
at

av

'

aE{P,N,F},

i=I,2, ... ,Ia

(A.6)

(A.7)
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Hence, width estimation at the k-th learning iteration is:

(A.9)

a E {P,N,F}, i = 1,2, .. .,fa

(A. 10)

