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Abstract
The most important challenges in the development of successful solutions for computer-
vision applications are: to select an efficient and effective feature for object or scene
representation, to effectively model high-level knowledge, and to incorporate the user’s
intentions in the computational algorithms. With the rapid development of digital im-
agery, how to search images more efficiently by their content has become one of the
biggest challenges.

Content-based image retrieval (CBIR) is therefore an exciting and worthwhile re-
search interest. However, recent research has shown that there is a significant gap
between low-level image features and the semantic concepts used by humans to inter-
pret images. In other words, images lack clearly defined semantic units of composi-
tion, which are analogous to words in text documents. As an attempt to bridge this
so-called semantic gap, automatic image annotation has been gaining more and more
attention in recent years.

This research aims to explore a number of different approaches to automatic im-
age annotation, and some related issues. This thesis begins with an introduction to
different techniques for image description, which forms the foundation of the research
on image auto-annotation. In addition, we also discuss the state-of-the-art automatic
image-annotation techniques. Then, we will present our in-depth research into learn-
ing the relationship between the image labels themselves. We have introduced a simple
label-filtering algorithm, which can remove most of the irrelevant labels for a query
image while maintaining those potential labels. With a small population of poten-
tial labels left, we then explore the relationship between the features to be used and
each label class. Hence, specific and effective features are selected for each class to
form a label-specific classifier. In other words, our approach prunes specific features
for each single label and formalizes the annotation task as a discriminative classifi-
cation problem. We have also introduced a new hierarchical model, which mimics
human thinking, for image annotation. In this proposed framework, we divide labels
into several hierarchies for efficient and accurate labeling, which are constructed us-
ing our proposed Associative Memory Sharing (AMS) method. We have also further
investigated two challenges in image annotation:the semantic-gap problem and the
presence of ambiguous words that may lead to a wrong interpretation between low-

i



ii

level and high-level information.These problemsalways degrade the performance of
the image-to-word mapping.Therefore, we have also proposed a discriminative model
with a ranking function that optimizes the cost between a target word and the corre-
sponding images, while simultaneously discovering the disambiguated senses of those
words that are optimal for supervised tasks.

For the different algorithms proposed in this thesis, we have also conducted com-
prehensive experiments to evaluate their respective performances. Different datasets
are used, and our algorithms are compared to a number of state-of-the-art algorithms.
Experiment results show the superior performances of our proposed algorithms.
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Chapter 1 Introduction

1.1 Content-based image retrieval
For decades, text in a given language has been used as the major means of image
retrieval. However, a picture is worth a thousand words. This means that it is always
difficult to reflect the content of an image by assigning only a few words to it. In recent
years, more and more Internet companies have entered into the research of content-
based image retrieval (CBIR), and the idea of image retrieval is illustrated in Fig. 1.1,
instead of keyword-based image retrieval. However, it is not easy for machines to
automatically find the target images based on image content.

Figure 1.1: An example of content-based image retrieval (CBIR)

The years 1994−2000 can be thought of as the initial phase in the history of re-
search on CBIR. The progress made during this phase was summarized by Smeulders
et al. [1], which has a big influence in the current decade, and will undoubtedly con-
tinue to influence the future research on image retrieval. In the survey of Datta et al.
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2 CHAPTER 1. INTRODUCTION

[2], CBIR consists of two important processes. One is the extraction of visual content
from images, which can be divided into two parts, namely image processing and fea-
ture construction, respectively. The major issue for this process is what features to be
extracted such that meaningful retrieval results can be achieved. The key features such
as color, texture, and shape have also been discussed in detail. Having extracted the
image features, the next step is how the features can be indexed and matched against
each other for retrieval. In [1], similarity measures are categorized into feature-based
matching (e.g. Swain and Ballard [3]), object-silhouette-based matching (e.g., Del
Bimbo and Pala [4]), structural feature matching (i.e., hierarchically ordered sets of
features, e.g., Wilson and Hancock [5]), salient feature matching(e.g., geometric hash-
ing Wolfson and Rigoutsos [6]), matching at the semantic level (e.g., Fagin [7]), and
learning-based approaches for similarity matching (e.g., Wuet al. [8] and Webe et al.
[9]).

While image retrieval has been an active topic [10][11][12] over many years, a
more challenging and interesting field is automatic concept recognition based on the
visual features of images. The challenge is primarily due to the well-known semantic-
gap problem, which is also a big challenge in the image-retrieval field. This means that
the extracted low-level features can hardly reflect the high-level knowledge of humans.

In terms of organizing and recognizing images, humans outperform machines in
most tasks. The most important reason for this is that we begin to train the complicated
neural network in our brain from birth, yet the machines learn or are taught for just
a few hours or a few days to understand, index, and annotate images. Nevertheless,
a big progress in machine learning has been made, which has made image annotation
feasible and become a hot research area.

1.2 Automatic image annotation
In pursuit of the ultimate goal of building an intelligent system capable of manag-
ing images in the way humans do, it is necessary to explore the intrinsic essence of
machine-based technologies for real-world applications and human knowledge. An-
notation, a very hot topic these days, allows for the search of an image through the use
of text. On this point, automated annotation [13] tends to be much more practical than
using a manual process when databases are large. If we can find a reliable mapping be-
tween low-level features and high-level concepts, keyword-based image retrieval will
be more meaningful than CBIR.
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The annotation process can be considered as multi-label classification. The tra-
ditional classification methods usually associate each image with a single label class.
However, in real-world applications, an image is usually associated with more than one
label, which relate to different regions of the image. Thus, image annotation is natu-
rally posed as a multi-classification problem. Existing methods for multi-label classi-
fication can be grouped into two categories: probabilistic image-annotation methods
and non-probabilistic image-annotation methods.

1.2.1 Probabilistic image annotation methods

Probabilistic techniques are first used in information retrieval, e.g., text retrieval. The
central idea is to estimate the probability that a document is relevant to a users query,
and rank documents according to their probabilities. These techniques are then ap-
plied to image-annotation frameworks by attempting to infer the correlations or joint
probabilities between images and annotations. In this section, we review a number
of probabilistic models which have been proposed and applied to image annotation in
recent years.

Co-occurrence Model

Mori et al. [14] pioneered the use of probabilistic techniques in the automatic image-
annotation field. Each image is divided into rectangular tiles of the same size, and a
feature descriptor of color and texture is then computed for each tile. Then, all the
feature vectors extracted from images in the training collection are clustered. Each
image tile is labeled with the images annotation terms, and a token of the tiles respec-
tive cluster. In other words, each divided region inherits all the words from its original
image. Then, the probability of a label w related to a cluster c is estimated by the
co-occurrence of the label and the image tiles within the cluster, as follows:

p(w|c) =
mc,w∑
wmc,w

, (1.1)

where mc,w is the frequency of word w occurs with an image part from cluster c.
Given an unknown image q, it is first divided into parts and the corresponding features
are extracted in the same way as the training data. Second, the nearest centroids are
computed for all the divided tiles in the feature space. Third, the average of the likeli-
hoods of the nearest centroids is calculated. Finally, the words with the largest average
likelihood values are outputted, as follows:
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s(w, q) =
1

|q|
∑
t∈q

p(w |ct ) (1.2)

where s(w, q) is the output score of w for an unknown image q, ct is the nearest
cluster of q’s tile t and |q| is the number of tiles in q.

Translation Model

Duygulu et al. [15] described an object-recognition model as machine translation. In
this model, recognition can be seen as a process of annotating image regions with
words. Firstly, images are segmented into regions, which are then classified into re-
gion types using a variety of features. A visual vocabulary called “blobs” is built
in this way, which is in fact a representative of a cluster of visually similar image
regions. The mapping between region types and the keywords associated with the
images is then learned, using a method based on Expectationmaximization algorithm
(EM). Having constructed the translation table from the mapping, an unknown image
can be annotated by selecting the most likely word for each of its blobs.

Cross Media Relevance Model

Motived by Duygulu et al. [15], Jeon et al. [16] proposed a generative language model
for image annotation, referred to as the cross-media relevance model (CMRM). Instead
of seeking a probabilistic translation table in [15], CMRM treats words and cluttered
blobs as two different lexicons, and simply models the probability of observing a blob
bj together with a word wi in a given image. Mathematically, if an unlabeled image x
is composed of m blobs x = {b1, ...bm} , the probability of a word wi is calculated as

p(wi|b1, ..., bm) =
p(wi, b1, ..., bm)

p(b1, ..., bm)
. (1.3)

Under the assumption that words and blobs are generated independently, for a
training image J , the joint probability of the word and the blobs can be calculated as
follows:

P (wi, b1, ..., bn) =
∑
J∈T

P (J)P (w|J)
m∏
i=1

P (bi|J), (1.4)

where T is the training set. Prior probabilities P (J) are kept uniform over all training
images, while P (w|J) and P (bi|J) are estimated by smoothed maximum likelihood.
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Continuous Relevance Model

The model proposed by Lavrenko et al. [17] is called Continuous-space Relevance
Model (CRM), which is closely related to models proposed by Jeon et al. [16]. How-
ever, there are two important differences between CRM and CMRM. First, CMRM is
a discrete model and cannot take advantage of continuous features. Second, CMRM
relies on clustering the feature vectors into blobs. The annotation quality of CMRM
is very sensitive to clustering errors, which is bound to result in the loss of useful
information in image regions.

In CRM, a continuous-valued feature vector vi is introduced, which represents
region features of each single image. And then P (vi|J) replaces P (bi|J) of the CMRM
model. P (v|J) is a non-parametric kernel-based density estimate as follows

P (v|J) =
1

n

n∑
i=1

1√
(2π)d|Σ|

e−(v−vi)TΣ−1(v−vi), (1.5)

where n is the number of regional feature vectors in image J , and Σ is the covariance
matrix for controlling the degree of smoothing. Feng et al. [18] further improved
CRM model by estimating P (w|J) using a Bernoulli distribution. This new model
was termed Multiple Bernoulli Relevance Model (MBRM), which has been proved to
achieve a better performance.

Latent Variable Models

Latent Dirichlet allocation (LDA) was first described by Blei and Jordan [19] as a gen-
erative probabilistic model for collections of discrete data such as text corpora. LDA
is applied to the problem of modeling annotated data. A number of latent variable
models were proposed, which assume that a mixture of latent factors is used to gener-
ate the words and regions, where each region is represented by the real-valued vectors
of its color and texture properties. One of the simple models is called the Gaussian-
multinomial mixture model, in which a single, discrete latent variable is used to repre-
sent a joint clustering of an image and its captions. The major steps for this model can
be described as follows:

(1) Pick a latent variable z according to p(z|λ).

(2) Repeatedly sampling N region descriptions rn on the chosen value of z.
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(3) Repeatedly sampling M caption words wm conditional on the chosen value of
z.

In other words, a latent variable is used to represent the parameter settings for
one multinomial and one multivariate Gaussian distributions. Given a fixed number
of factors K and a corpus of images/captions, the parameters of a GM-Mixture model
can be estimated using the EM algorithm. The joint distribution of a set of words
w = {w1, ...wn} and a set of regions r = {r1, ...rn} with the hidden variable z is given
as

p(w, r, z) = p(z|λ)
N∏
n=1

p(rn|µ,Σ, z)
M∏
m=1

p(wm, |β, z). (1.6)

Then, we can obtain the conditional distribution of words given an image by using
Bayes rule to compute p(z|r) and summing over the hidden factor

p(w|r) =
∑

z
p(z|r)p(w|z). (1.7)

This model assumes that words and regions are generated independently given a
latent variable; therefore it cannot be used for establishing the word-region correspon-
dence. The extension of this model has also been proposed to solve the problem.

Other Relevant Probabilistic Approaches

Another representative work of these approaches proposed by Wang and Li [20] namely
automatic linguistic indexing of pictures (ALIPS). In ALIPS, it is assumed that the
training image set has been well classified, and each category is modeled using the
2D multi-resolution hidden Markov model. However, it should be noted that the as-
sumption of ALIPS that the annotation words are semantically exclusive is not valid in
practice. Similar to LDA, another method called probabilistic latent semantic analysis
(PLSA) is applied to the image-annotation field by Monay and Gatica-Perez [21]. Fea-
tures and labels are both treated as terms. Relationships can be constructed between
the terms and the latent topics. Although the performance is inferior to LDA, PLSA
still contributes to the image-annotation field. Fan et al. [22] divide labels into two
classes: (1) low-level natural scene categories such as “sky”, “grass”, “rock”, etc.; and
(2) higher level concepts such as “garden”,“beach”, etc. Image blobs are first classi-
fied into Class 1 labels, and then a model is estimated that associates the SVM region
category predictions to Class 2 labels. A probabilistic model is used for this purpose.
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Ghoshal et al. [23] extract low-level features from image blocks in rectangular size,
and then use the Hidden Markov Model to state the conditional probability between
the features and the potential labels. Carneiro et al. [10] proposed to estimate the
semantic class distributions through a “pooling” process, in which bag-of-features are
incorporated rather than features from segmented parts of images.

1.2.2 Non-probabilistic image annotation methods

The Vector Space Related Approaches and Classification Approaches are two famous
non-probabilistic image-annotation methods. The Vector-Space Model (VSM) frame-
work is a popular alternative to probabilistic retrieval, especially in text retrieval. In
this model, documents are represented as vectors, and each of which contains the oc-
currences of words within the document in question. The users query is represented
in the same way. Given a query, documents are ranked according to the similarity of
their vectors to the query vector. The classification approaches to automatic image
annotation view the process of attaching words to images as that of classifying images
to a number of classes, each of which is characterized by a concept or word. In this
section, several automatic image-annotation approaches that utilize the vector-space
model and classification approaches are introduced.

Vector Space Related Approaches

Tang and Lewis [24] adapted the technique of vector term for identifying relevant
annotations for individual image blobs. Similar to the work in [15], their goal is to
associate the predicted, relevant annotations with image regions. In their framework,
images are first partitioned using a standard segmentation algorithm. Each segment is
then described by a histogram of quantized Scale Invariant Feature Transform (SIFT)
descriptors. SIFT is also applied to another annotation framework by Hare and Lewis
[25]. In contrast, salient regions are considered rather than the image segments de-
termined by the peaks in a multi-scale difference-of-Gaussian (DoG) pyramid [26]
of each image. After extracting the SIFT features on salient regions, the whole set of
SIFT descriptors from the training set is quantized into 3000 classes using the k-means
clustering algorithm. Since each class is considered a visual term, images can be rep-
resented by histograms of visual terms. Then, an occurrence matrix is used to associate
the visual terms and document terms. Having identified those training images which
have higher similarity to a query, labels of the top ranked images are propagated to the
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query image. This method is named as saliency-based semantic propagation.
We assume that an image with words which frequently appear together has similar

concepts visually. Thus, it is possible to use the term co-occurrence to improve the ac-
curacy of text retrieval. Latent Semantic Indexing (LSI) is a linear-algebraic approach
that establishes such co-occurrences and incorporates them into the similarity mea-
sure between documents simultaneously [27]. We can also consider this as a language
translation process.

After building a term-by-document matrix by training, Singular Value Decompo-
sition(SVD) is performed on the term-by-document matrix. The results of this decom-
position are used to project document vectors into a lower-dimensional space, where
co-occurrences of words from different languages are captured. This also means that
we can efficiently find related terms in the lower-dimensional representation. Hence,
it becomes possible to retrieve documents that contain related terms to the keywords
in the query. Hare et al. [28] extended this approach to keyword-based image retrieval
of un-annotated images. Like translating two languages, one is the language of human
annotations and the other is a visual language of low-level image features.

Classification Approaches

Classification algorithms directly find the relationship between an un-annotated im-
age and its corresponding labels. If an image belongs to different classes, multiple
classifiers can be used.

Support Vector Machines The Support Vector Machine (SVM) is one of the most
famous and powerful learning algorithms for data classification. Chapelle et al. [29],
one of the earliest researchers on SVM, proposed classifying images on the Corel
dataset using binary classifiers. Different color histograms are used as image features,
and SVMs are then employed to classify images into different categories. Since the
classifier is binary, a “one against the others” SVM algorithm is employed. Instead
of using global image features, Gao et al. [30] applied multiple SVMs to image re-
gions with regular gird at multiple resolutions. Image regions can be seen as regular
tiles at different levels. Having extracted the features in each tile, the 90-dimensional
heterogeneous feature space is partitioned into 9 single-modal homogeneous subsets.
Then, a weak SVM classifier is learned for each feature subset to identify a class label
or concept. The most effective classifiers and the corresponding feature subsets are
selected. Finally, the chosen weak SVM classifiers are combined to form an ensemble



1.2. AUTOMATIC IMAGE ANNOTATION 9

classifier using the Boosting technique. Qi and Han [31] consider both global features
and local features, and combine two sets of SVMs for automatic image annotation.
Local features used in their framework are obtained by Multiple Instance Learning
(MIL) [32]), which is also a landmark method in the image-annotation field.

Multiple Instance Learning Approaches In the image-annotation framework, each
image contains multiple regions while the predicted labels are given at image label.
Thus, the correspondence between accessible labels and image regions are uncertain.
It is necessary to find a good image representation which can transform loosely-labeled
image into a bag of instances and express its semantics ambiguity. Multiple instance
learning tools can automatically assign multiple labels (which are given at the image
level) into the most relevant image regions, where images are also called bags. A “bag”
can be considered as a container which contains a number of instances. If all instances
in a bag are negative, then this bag is called a negative bag. However, if one or more
instances in a bag are positive, then this bag is labeled positive. The major issue is
to predict the label for individual instances by a model learned by MIL. A framework
called Diverse Density (DD) proposed by Maron and Lozano-Perez [32] is used to
solve the MIL problem. The DD value of a point is defined as “how many different
positive bags have instances near that point, and how far the negative instances are
from the point”. Chen and Wang [33] extended their work into a DD-SVM framework
for image categorization. DD-SVM employs SVM into the DD framework. Yang et
al. [34] applied a modified DD approach to finding a representative image region for
each label, and then used the representative regions to annotate test images under the
Bayesian framework, at both the image level and the region level. Zhou et al.[35] in-
troduced a new concept called Multi-Instance Multi-Label learning (MIML). In this
framework, examples are described by multiple instances and associated with multi-
ple class labels. MIML-Boost and MIML-SVM are used to learn a model from those
multi-label multi-instance samples. This work is more convenient and natural for rep-
resenting complicated objects which have multiple semantic meanings. Experiments
show their work is able to achieve better performance than learning single-instances
or single-label examples directly.

1.2.3 Evaluation of annotation effectiveness

An annotation system is always trained with a set of images that are labeled with key-
words annotating the content of the images. After training, the task of the system is



10 CHAPTER 1. INTRODUCTION

to predict a similar set of annotation keywords for a previously unseen test set of im-
ages, based on the visual properties of the images only. The accuracy of the predicted
annotations is assessed by comparing them with the manually specified ground-truth.
A number of evaluation metrics have been proposed, and some of them will be intro-
duced in the following sections.

Precision and Recall

The average precision and recall statistics are commonly used evaluation method for
measuring the accuracy of annotation results. In the field of information retrieval, pre-
cision is defined as the fraction of retrieved documents that are relevant to the search,
and recall is the fraction of the documents that are relevant to the query that are suc-
cessfully retrieved. For image annotation, precision and recall are defined in a slightly
different way. Most researchers use per-image-based precision and recall as a major
measurement while some people use per-word-based version instead.

Per-image precision and recall are calculated on the basis of a single test image.
Mathematically, per-image precision (P ) is equal to ratio of the number of labels that
are correctly predicted to the total number of labels predicted; per-image recall (R)
is equal to ratio of the number of labels that are correctly predicted to the number
of ground-truth labels. Therefore the per-image precision and per-image recall are
defined mathematically as follows:

PPer−Image =
Nr

Npred

, and

RPer−Image =
Nr

Ngt

, (1.8)

whereNr is the number of correctly predicted labels,Npred is the number of predicted
labels, and Ngt represents the number of ground truth labels.

Then mean per-image precision and recall are obtained by averaging all the values
in the whole testing set. Per-word precision and recall are calculated on the basis of
each keyword in the vocabulary. Precision is defined as the number of images correctly
predicted with a given label, divided by the total number of images predicted with this
label; and recall is equal to the number of image correctly predicted with a given
label, divided by the total number of images having the labels as their ground-true
annotations. In recent years, per-image precision and recall are used more often than
per-word precision and recall.
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1.3 Summary
This chapter is started with an introduction to content-based image retrieval (CBIR).
We have reviewed the different methods for image annotation. Three main cate-
gories of approaches have been reviewed, i.e. the probabilistic approaches, the non-
probabilistic approaches, and the classification approaches. Finally, we have also pre-
sented some evaluation metrics, which are used to measure the performance of image-
annotation methods.

1.4 Scope of this thesis
In this thesis, we aim to investigate promising approaches to automatic image an-
notation, by either constructing a model between the high-level semantic labels and
the low-level features, or exploring the relationships among the labels themselves.
The efforts toward achieving this objective consist of two inseparable parts: utilizing
a suitable image description, and the development of an advanced machine-learning
technique for associating labels with images. In this thesis, we will put more emphasis
on the second part. In addition, modeling the structure of labels and probing the con-
nection among labels are the focus of this research. The structure and the content of
this thesis are outlined as follows:

Chapter 2 - Different feature extraction and image representation techniques will
be given in this chapter, and we will introduce an efficient segmentation algorithm as
a precondition for extracting region-based features.

Chapter 3 - An efficient hierarchical framework for image annotation is presented
in this chapter, which consists of filtering most of irrelevant labels by using our Label
Filtering Algorithm (LFA) in the first step. Then, we design a more computational,
but more accurate, discriminative model for image annotation in the second step. The
model used first learns the relationship between feature pools and class labels, and
then explores the transfer of knowledge between the classes with the use of the same
feature pool. We show that the proposed method can achieve a promising performance
based on a number of experiments on different datasets.

Chapter 4 - Based on our work in Chapter 3, a hierarchical framework is proposed
to mimic humans for handling image tags. A tree structure is constructed for image
labels using a learning method. Our model treats simple labels and complex labels
separately. The chapter ends with experimental results which prove that our model
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can further improves both the accuracy and efficiency of our annotation framework.
Chapter 5 - After modeling the relationships among labels, we put our effort

on single word with ambiguous meanings, which may degrade the annotation per-
formance because of large variations in training samples. In this chapter, we will
introduce a discriminative model with a ranking function that optimizes the cost be-
tween a target word and the corresponding images, while simultaneously can discover
the disambiguated senses of those words that are optimal for supervised learning tasks.
Experimental results are also given to show its performances with and without consid-
ering ambiguous senses.

Chapter 6 - Discussions and conclusions of this thesis will be given in this chapter.
We will also pinpoint the contributions of our work in image annotation. The chapter
ends with some pointers to possible future works related to Chapters 2 to 5. A possible
future of the research on automatic image annotation will also be discussed.



Chapter 2 Image descriptors

2.1 Image features
A picture is worth a thousand words refers to the notion that a complex idea can be
conveyed with just a single still image. Why can inages convey so much information
to us? The reason is that the visual features in a single image contain large numbers
of content for presenting semantic words generating by human. Good features mean
everything in image annotation systems.

Same to content based image retrieval, images are represented using low level fea-
tures in annotation system. Because an image is an unstructured array of pixels, the
first step in semantic understanding is to extract efficient and effective visual features
from these pixels. Appropriate feature representation significantly improves the per-
formance of semantic learning techniques. Although feature extraction can be obtained
in many ways, we usually extract image features globally or regionally. Region based
feature extraction sometimes needs prior segmentation process while global features
can be directly gotten from the whole image. Patch based features in regular size may
be a good tradeoff in some situations. In this chapter, we will first review some fea-
ture extraction techniques and then introduce image segmentation approach which is a
precondition of extracting region based features.

2.2 Color features
In computer vision community, when trying to interpret the content of images, when
looking for object, persons, saliency regions, textures, or even ridges and corners, the
first thing is to discard color. Picasso once said Colors are only symbols. Reality is to
be found in luminance alone. In fact, color is seen as superfluous in a world which can
be very well understood by considering luminance alone. This is reacted in the fact
that the majority of the current existing computer vision applications are solely based
on luminance. However, color provides extra information which allows the distinction
between various physical causes for color variations in the world, such as changes due

13
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to shadows, light source reactions, and object reactance variations.
Color features are defined subject to a particular color space. A number of colors

spaces have been used in literature such as, RGB, LUV, HSV and etc. After specifying
color space, features can be extracted locally for globally in images. Several important
color features have been proposed in the literatures, including color histogram, color
moments (CM), color coherence vector (CCV), MPEG-7 and etc.

Color histogram [36] is one of the most famous and commonly-used color features.
The color histogram describes the color distribution of an image. It quantizes a color
space into different bins and counts the frequency of pixels belonging to each color bin.
This feature is robust to translation and rotation changes. However, without pixels
spatial information, visually different images can have similar color histograms. In
addition, the dimension of a histogram is usually very high.

Figure 2.1: The color histogram of two images from Google search

Color moments [37]are one of the simplest features, which are used in many re-
trieval systems. The common moments are mean, standard deviation and skewness.
Usually they are calculated for each color channels (components) separately. There-
fore, feature vector are formed by nine features. These features are useful for region
or object representation. However, they are not appropriate for representing a whole
image for lacking enough information.
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The color coherence vector (CCV)[38] adds spatial information into the basic color
histogram. It divides each histogram bin into two components: coherent and non-
coherent parts. Former one includes pixels which are spatially connected while latter
includes those pixels that are isolated. CCV achieves better performance than color
histogram with the dimension twice of conventional histogram.

The MPEG-7 [Martinez [39]] Color Structure Descriptor (CSD) is a color descrip-
tor that encodes information not only about the frequency of occurrence of colors, but
also about their spatial layout in the image. The CSD histogram is created by mov-
ing a structuring element (e.g., square) throughout the image. Bin i of this histogram
indicates how many times the structuring element contains at least one pixel with this
color i. The performance of CSD depends on the size and structure of the window,
which are determined by some rules [Manjunath et al. [40]].

2.3 Texture features
Texture refers to visual patterns that have properties of homogeneity that do not result
from the presence of only a single color or intensity. It is a natural property of virtually
all surfaces, including clouds, trees, bricks, hair, and fabrics. It contains important
information about the structural arrangement of surfaces and their relationship to their
surrounding environment. Due to its strong discriminative capability, texture feature
is widely used in image retrieval and semantic learning techniques. We describe some
texture feature extraction techniques in the following.

Gabor filters consists of a group of wavelets each of which captures energy at a
specific resolution and orientation. Therefore, Gabor filters are able to capture the
local energy of the entire signal or image. The Gabor filter has been widely used to
extract image texture features.

Another multi-resolution approach, wavelet transforms, was first used in image
processing field. Compared to the Gabor filtering method, the wavelet transforms
cover the frequency domain more exactly. They can reduce correlations between the
bands of the decomposition, and allow adaptive pruning of the transform leading to in-
creased computational efficiency. After employing wavelet transforms to texture fea-
ture extraction, we see significant improvement in image segmentation, classification
and retrieval framework.
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2.4 Shape features
Defining the shape of an object is always hard, even for human. The shape mentioned
by people is usually very simple, such as round, triangle and rectangle, etc. However,
computer-based processing of shape requires describing complicated shapes precisely
without the knowledge of generally accepted methodology of shape description .Yang
et al. [41] mention that efficient shape features should have some essential proper-
ties such as: identifiability; translation, rotation and scale invariance; affine invari-
ance; noise resistance; occultation invariance; statistically independent and reliable.
In recent years, a number of new shape description techniques have been proposed as
followed.

Contour-based methods and region-based methods[42] are the most common and
general framework, which is proposed by MPEG-7. It is based on the use of shape
boundary points as opposed to shape interior points. Contour based methods calcu-
late shape features only from the boundary of the shape, while region based methods
extract features from the entire region. Since contour based methods only consider a
portion of the region, they are more sensitive to noise comparing with region based
techniques, as small changes in the shape result in different contour. Therefore, region
based shape features are more useful in image retrieval system, which include features
like area, moments, circularity, and eccentricity.

The second kind of shape description technique is shape features under the space
domain and transform domain. Methods in space domain match shapes on point basis,
while feature transform domain matches shapes on features basis.

The third is information preserving (IP) and non-information preserving (NIP).
The former allows a precise reconstruction of a shape from its descriptor while latter
one is not a perfect reconstruction.

Complex shape features usually contain spatial relationship which tells object lo-
cation within an image. There are two different locations used for describing spatial
relationship. One is absolute spatial location of regions while the other is relative loca-
tions of regions, such as left, right, top, bottom, and center. Chang et al. [43] proposed
a method which describes the detail of relative locations.
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2.5 Scale Invariant Feature Transforms
Saliency-based feature extraction techniques attract researchers eyes in recent years.
Approaches using salient points usually calculate a local descriptor for each salient
point based on the pixel information of its neighboring area. The salient points are
also called interest points, which are also seen as local features of images. David
Lowe [26] proposed a scale-invariant feature transform (SIFT). SIFT is the algorithm
in computer vision to detect and describe local features in images.

SIFT key points of objects are first extracted from a set of reference images and
stored in a database. An object is recognized in a new image by individually comparing
each feature from the new image to this database and finding candidate matching fea-
tures based on Euclidean distance of their feature vectors. From the full set of matches,
subsets of key points that agree on the object and its location, scale, and orientation
in the new image are identified to filter out good matches. David Lowe [44] then de-
signed SIFT descriptor to be invariant to image scaling, translation and rotation. It
encapsulates the information on gradient magnitude and orientation at each salient re-
gion. Lowe suggests that gradient location be quantized into a 4× 4 location grid, and
orientation be quantized into 8 orientation bins. Finally a 128 dimensional descriptor
was generated. Although the dimension of the descriptor, i.e. 128, seems high, lower
dimension descriptors than this do not perform as well as SIFT for matching tasks.
Given SIFT’s ability to find distinctive key points that are invariant to location, scale
and rotation, and robust to affine transformations (changes in scale, rotation, shear, and
position) and changes in illumination, they are usable for object recognition. There-
fore, SIFT features contribute significantly to image annotation system.

2.6 Image segmentation
When we consider local features, image segmentation is usually the first step to ex-
tract region based image representation. The segmentation algorithm divides images
into different components based on feature homogeneity. Since image annotation is
a multi-label learning process, each image may have a different number of labels, or
may belong to different classes. For example, Fig. 2.2a shows an image classified as
a sunset scene. Fig. 2.2b is similar to Fig. 2.2a, and is classified as a beach scene and
mountains. Both images belong to multiple classes. Hence, in multi-label learning, all
the labels relevant to a query image will be determined automatically.
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(a) (b)

Figure 2.2: Examples of multi-label images

Image segmentation can be simply considered as dividing an image into a number
of non-overlapped regions or complex as dividing an image into different regions such
that each region is nearly homogeneous, whereas the union of any two regions is not.
It serves as a key in image analysis and pattern recognition, and is a fundamental step
toward low-level vision, which is significant for object recognition, image retrieval and
other computer-vision-related applications.

Image segmentation algorithms can be generally classified into three major cat-
egories: feature-space-based clustering, spatial segmentations, and graph-based ap-
proaches. The feature-space-based clustering approach [45], [46] captures the global
characteristics of images through the selection and calculation of image features, which
are usually based on the color or texture features. Each feature can be viewed as a
vector, and the similarity or difference between features is computed using a specific
distance measure to form well-separated clusters [47]. Although this approach can be
efficient when using efficient image features, it has some serious drawbacks as well.
The spatial structure and the detailed edge information about images are not preserved,
and pixels from the disconnected regions of an image may be grouped together if their
feature spaces overlap.

The spatial segmentation approach [48] is a region-based method which merges
and splits regions so as to maintain the homogeneity of the different regions. How-
ever, this approach usually produces a large number of small but quasi-homogenous
regions, which is undesirable. Therefore, a merging algorithm has to be applied to
these regions.

The graph-based approach can be viewed as image perceptual grouping and orga-
nization methods making use of both the feature and the spatial information. In this
approach, a visual group is formed based on several significant factors, such as simi-
larity, proximity, and continuation [49][50][51]. The basic idea of this approach is the
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formation of a weighted graph, where each vertex corresponds to an image pixel or a
region, and the weights of each edge connecting two pixels or two regions represent
the likelihood that the pixels or regions belong to the same segment. The vertices of a
graph are partitioned into multiple components in such a way that minimizes the cost
function. Currently, several graph cut-based methods [52][53][54][55][56], have been
proposed for image segmentation.

In this chapter, we first review a graph cut-based method called normalized cuts.
The original N-cuts method considers the image pixels directly, i.e. each pixel is
considered as a node. Tao and Jin [57] developed a method using regions as the nodes.
Although the idea of partitioning a graph based on region nodes is the same as that
based on pixel nodes, the feature difference between region nodes is more significant
and more robust than that between the pixel nodes. After that, we will also introduce
a simple segmentation method by just dividing image into 5 windows, which will be
used in our framework in next chapter.

2.6.1 Color image segmentation using improved MS
and N-cuts algorithms

For image segmentation, a lot of previous work has been conducted, including ap-
proaches such as the minimal spanning tree [51] and the limited neighborhood set, etc.
Although these kinds of methods are computationally efficient, the segmentation crite-
ria used are based on the local properties of the graph only. Since perceptual grouping
is about extracting the global impressions of a scene, those partitioning criteria based
on local properties only often fall short of this main goal.

Shi and Malik [58] proposed a novel approach for solving the perceptual grouping
problem in vision. Rather than focusing on local features and their consistencies in the
image data, their approach aims to extract the global impression of an image. They
treat image segmentation as a graph-partitioning problem, and propose a novel global
criterion, namely the normalized cut, for segmenting the graph. The normalized cut
criterion measures both the total dissimilarity between the different groups as well
as the total similarity within the groups. This shows that an efficient computational
technique based on a generalized eigenvalue problem can be used to optimize this
criterion. The result of applying this approach to segmenting static images is very
encouraging.

This approach is most closely related to the graph-theoretic formulation of group-
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ing. The set of points in an arbitrary feature space is represented as a weighted, undi-
rected graph G = (V,E), where the nodes V of the graph are the points in the feature
space, and an edgeE is formed between every pair of nodes. The weight on each edge,
w(i, j), is a function of the similarity between nodes i and j.

In grouping, the method seeks to partition the full set of vertices into disconnected
sets V1, V2, · · · , Vm, whereby the similarity between the vertices Vi and Vj in the set is
low.

Normalized Cuts

A new graph-theoretic criterion for measuring the quality of an image partition algo-
rithm - the normalized cut - was proposed by Shi and Jitendra[58]. A new measure of
the disassociation between two groups was proposed, which, instead of looking at the
value of the total edge weight connecting two partitions, computes the cut cost as a
fraction of the total edge connections to all the nodes in the graph. This disassociation
measure is called the normalized cut (N-cuts):

Ncut(A,B) =
cut(A,B)

assoc(A, V )
+

cut(A,B)

assoc(B, V )
, (2.1)

where A and B are two disjoints sets which are partitioned by a graph G = (V,E),
A ∪ B = V ,A ∩ B = φ and assoc(A, V ) =

∑
u∈A,t∈V w(u, t) is the total connection

from nodes in A to all nodes in the graph, and assoc(B, V ) is similarly defined. With
this definition of the disassociation between the groups, the cut that partitions out
small, isolated points will no longer have a small N-cut value. This is because the cut
value will certainly be a large percentage of the total connection from that small set to
all other nodes.

As a result, a measure for total normalized association within groups for a given
partition can be defined as follows:

Nassoc(A,B) =
assoc(A,A)

assoc(A, V )
+
assoc(B,B)

assoc(B, V )
, (2.2)

where assoc(A,A) and assoc(B,B) are the total weights of the edges connecting
nodes withinA and withinB, respectively. We can see that this is an unbiased measure,
which reflects how tightly, on average; nodes with the groups are connected to each
other.

Using the N-cuts for image segmentation, the algorithm consists of the following
steps:
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Step 1: Given an image or image sequence, set up a weighted graph G = (V,E) and set
the weight on the edge connecting two nodes to be a measure of the similarity
between the two nodes.Let x be a vector with dimension N = |V | whose ith
element xi = 1 if node i is in A, and -1 otherwise. Let d(i) =

∑
j w(i, j) be

the total connection from node i to all other nodes, D be an N × N diagonal
matrix with d on its diagonal, and W be an N × N symmetrical matrix with
W (i, j) = wij .

Step 2: Solve (D −W )x = λDx for eigenvectors with the smallest eigenvalues.

Step 3: Use the eigenvector with the second smallest eigenvalue to bipartition the graph.

Step 4: Decide if the current partition should be subdivided, and recursively repartition
the segmented parts if necessary.

The biggest advantage with using the N-cuts to segment a graph is that it offers an
unbiased measure for disassociation between subgroups of the graph. Furthermore, the
grouping algorithm finds an eigenvalue system which provides a very good solution to
the grouping problem.

The N-cuts algorithm for image segmentation is always applied directly to the
pixels. However, this is very time-consuming for the algorithm, since the number of
pixels in an image is usually very large. Therefore, it is always necessary to reduce
images to a smaller size for real-time segmentation. In order to solve this problem,
regions rather than pixels are considered in the algorithm. This can greatly reduce
both the computation and the memory requirements, and so make the algorithm much
more practical.

In this thesis, we have implemented a method proposed by Tao and Jin. Our im-
plemented algorithm uses the mean-shift algorithm with 4-connectivity to segment an
image into a number of regions, and then applies the N-cut algorithm to obtain final
segmentation, with encouraging results. In the following sections, we will describe
these two algorithms in detail, and demonstrate the results at the end.

Mean-Shift Algorithm

Tao and Jin have proposed a novel method which allows for the convenient and effec-
tive segmentation of images with low computational complexity by incorporating the
N-cuts method and the mean shift (MS) algorithm.

The mean-shift algorithm is a nonparametric clustering technique which does not
require prior knowledge of the number and the distribution of clusters. This algorithm
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is also a robust approach for feature space analysis [59], which can be used for image
segmentation. Because of this algorithms good discontinuity-preserving filtering char-
acteristic, the major features of the overall image can be retained while the number of
basic image entities is reduced.

Given n data points xi, i = 1, · · · , n in a d-dimensional space Rd, the multivariate
kernel density estimate obtained with kernel K(x) and window radius h is

f(x) =
1

nhd

n∑
i=1

K(
x− xi
h

). (2.3)

For radially symmetrical kernels, it suffices to define the profile of the kernel K(x)

satisfying

K(x) = ck,dk(‖x‖2), (2.4)

where ck,d is a normalization constant which assures that K(x) integrates to 1. Given
the function g(x) = −k′(x) for the profile, the kernel G(x) is defined as G(x) =

cg,dg(‖x‖2). The MS is then defined as follows:

mh,G(x) =

n∑
i=1

xig(
∥∥x−xi

h

∥∥2
)

n∑
i=1

g(
∥∥x−xi

h

∥∥2
)
− x, (2.5)

where x is the center of the window, and h is a bandwidth parameter. The difference
between the weighted mean by using the kernel G as the weights and x as the center
is the MS. This method is guaranteed to converge to a nearby point where the estimate
has zero gradient [59]. Some regions having low-density values are of no interest
for the feature-space analysis. Hence, the MS steps can be larger in these regions.
However, the steps are usually smaller when moving near local maxima, so the analysis
can be much more accurate.

In fact, the MS image filtering algorithm can be used for image segmentation.
The segmentation process is actually a merging process performed on a region which
is produced by the filtering. We have to first select the bandwidth parameter h, and
determine the resolution of the mode detection by controlling the window size.

Segmentation Results

Since the MS algorithm is an unsupervised clustering-based segmentation approach,
we cannot use the MS algorithm only to partition a natural image into indicative re-
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gions to represent distinct scenes. We have to know the number and the shape of the
data clusters, which cannot be determined by the MS. Moreover, segmentation can be
seen as a kind of region-merging process, with the number of regions in a segmented
image determined by the minimum number of pixels in a region, denoted as M . The
appropriate value of M should be much smaller than the number of pixels, and larger
than the possible number of scenes in an image. In addition, we should retain boundary
information.

After the mean-shift steps, we can consider the regions obtained as nodes in the
image plane, and apply a graph structure to represent them. However, this can create a
situation whereby two resulting regions not adjacent to each other can be considered as
a single region by the MS algorithm. This situation may produce an inaccurate result,
so we take the adjacent criterion into account. After the MS steps, the 4-connectivity
of the regions is checked to make sure that all merged regions are adjacent to each
other. If two regions are not adjacent to each other but segmented as the same region
by MS, they will be identified as two regions and given two different region numbers.

Under a graph representation, region grouping can be naturally considered as a
problem of graph-partitioning. The N-cuts algorithm can be used to solve exactly such
a problem. Thus, applying the N-cuts algorithm to the MS segmentation results can
lead to an encouraging result that is much better than that of the pixel-based segmen-
tation approaches.

Fig. 2.3 shows some segmentation results using the algorithm. The first images in
(a), (b), (c), (d), (e) and (f) are the original test images. The second images in (a), (b),
(c), (d), (e) and (f) are the partitioning results gained by directly applying the N-cuts
algorithm to the image pixels. The third images in (a), (b), (c), (d), (e) and (f) are the
partitioning results obtained using the MS-N-Cuts algorithm.

Discussion

In this chapter, the mean-shift algorithm and the normalized-cuts algorithm have been
introduced and employed for image segmentation. Experimental results have shown
that partitioning by applying the N-cuts algorithm directly to image pixels produce
inaccurate results, especially when the images have a lot of textures. The proposed
method based on regions using the MS-N-cuts algorithm can improve the segmentation
performance. Since we use the segmentation results for multi-label classification, the
number of regions to be segmented is greater than that the actual number of regions in
the images.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 2.3: Segmentation results: the first images in (a) (f) are the original test im-
ages, the second images are the partitioning results obtained by applying the N-cuts
algorithm directly to the image pixels, and the third images are the partitioning results
obtained using the MS-N-cuts algorithm.



2.6. IMAGE SEGMENTATION 25

Actually, image segmentation is a complex issue and a large research topic. Seg-
mentation itself is a difficult and time-consuming process. Sometimes, we do not
employ segmentation into image annotation framework if we can simple use regular
size based patch instead. Fig. 2.4 shows an example of image representation by just
dividing the training images into 5 sub-windows, which is used in one of our work in
this thesis.

(a) (b)

Figure 2.4: Five sub-windows chosen as image patches for feature extraction.
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Chapter 3 Label Filtering Algorithm
(LFA) for image annotation

Image-annotation tasks always lack accuracy and efficiency. Although many tech-
niques that have been proposed in the last decade can give a reasonable performance,
the large number of potential labels causes trouble in terms of decreasing the accuracy
and efficiency. Both generative models and discriminative models have been proposed
to solve the multi-label problem. Most of these complex models fail to achieve a good
performance when they face an increasing number of image collections, with a dictio-
nary that covers a large number of potential semantics.

This chapter introduces a simple label-filtering algorithm, which can remove most
of the irrelevant labels for a query image while the potential labels are maintained.
With a small population of potential labels left, then we can explore the relationship
between the features to be used and each single class. Hence, specific and effective
features can be selected for each class to form a label-specific classifier.

Our proposed method aims to remove most of the irrelevant labels in the first step.
In real situations, there are a large number of photos accompanied by an even larger
number of labels. To design a practical image-annotation system, we have to consider
both the efficiency and the accuracy of the approach to be used. One aim of this
paper is to design a simple method which can remove most of the irrelevant labels
efficiently, while keeping the potential labels. Our method is similar to the label-
transfer method proposed by Makadia et al (2008). However, our method as a whole
is quite different to their work, and is improved in order to be suitable for multi-label
classification. Having removed a large portion of the labels available that are irrelevant
to a query image, we then explore the relationship between the features and each single
class. That means we want to learn a discriminative model for each single class. In
other words, we aim to prune the specific features for each single label, and formalize
the annotation task as a discriminative classification problem. The remainder of this
chapter is organized as follows. First, a brief introduction of related works will be
given. Then we present our proposed method in detail. The experiment set-up and
results, and a conclusion, are given in the end.

27
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3.1 Related models
In this section, we discuss image-annotation models that are relevant to our proposed
algorithm. The literature can be grouped into three types of models: generative mod-
els, discriminative models, and nearest-neighbor-based models. Most generative mod-
els [60][61] construct a joint distribution over an image’s contents and the keywords to
find a mapping between the image features and the annotation keywords. These gen-
erative models aim to learn a single model for all the vocabulary terms, which yields
better modeling in terms of dependencies. Some methods treat the task of image anno-
tation as several binary classification problems. This means that the joint distribution
of the unobserved variables and the observed variables is not needed. In this situa-
tion, discriminative models [62][63] can generally yield a superior performance. The
discriminative models learn a separate classifier for each single label, and use the clas-
sifier to judge whether the test image belongs to this class or not. Although the training
process is complicated and time-consuming, this approach can, with a smart design,
achieve more promising performances than the generative models. The third model,
as one of the oldest, simplest, and most effective methods for pattern classification, is
the KNN-based model [64], which is accurate, especially with an increasing number
of training data.

Makadia et al. [65] proposed a family of baseline methods for image annota-
tion that are built on the assumption that images share keywords if they look similar
in appearance. Different distance measurements are explored, and the neighborhood
structure is constructed using image features. After finding the K nearest neighbors of
an image from a training set, a label-transfer algorithm is used to assign keywords to
the test image based on its nearest neighbors. Actually, the proposed simple baseline
methods for image annotation are composed of two steps. Firstly, different distance-
measurement algorithms are employed to identify the nearest neighbors. Then, image
annotation can be achieved by transferring the keywords from the neighbors to the test
image.

Matthieu et al. [63] employed a discriminative learning method along with the
nearest-neighbor model, and proposed a method called TagProp. TagProp allows the
integration of metric learning by directly maximizing the log-likelihood of tag pre-
dictions in a training set. In this way, the method successfully combines a collection
of image-similarity metrics that make use of all the different aspects of image con-
tent, e.g. global color histograms, local shape descriptors. TagProp achieves a marked
improvement over the state-of-the-art image-annotation systems.



3.2. AN EFFICIENT LABEL FILTERING ALGORITHM (LFA) 29

Although the learning stage plays an important role in an image-classification sys-
tem, the features employed also affect the performance of the whole framework. The
use of proper features is the most fundamental issue in pattern classification and ma-
chine learning, and it is often the most crucial factor in the performance of a classi-
fication system. Numerous features have been proposed over the years a systematic
review of feature selection can be found in [66].

One of the most notable feature-selection methods, and also one of the most impor-
tant recent advances in machine learning, is the AdaBoost algorithm [67]. AdaBoost
sequentially selects a number of weak learners from a large pool of weak learners, and
combines them to form a strong learner that can accurately predict the labels. Most
of the existing boosting techniques [67][68][69] can only combine the weak classifiers
that are learned in different ways; for the same tasks, regularization terms cannot be
included between different tasks. Therefore, a new scheme is needed for multi-task
classifier combination. The hierarchical boosting scheme can search an optimal com-
bination of these weak classifiers by sharing their knowledge and common features.
The final ensemble classifier can reduce the computational complexity after that.

In this chapter, we aim to design a practical image-annotation system, so we have to
consider both the efficiency and the accuracy of the approach to be used. Our method
is specially tailored for a database which covers a large number of labels. We will see
that our approach can achieve a good balance between efficiency and accuracy.

3.2 An efficient Label Filtering Algorithm (LFA)
Our label-filtering algorithm (LFA) [70] is inspired by the label-transfer method [65]
proposed by Makadia et al. However, our algorithm is quite different from their label-
transfer method in the sense that we make use of statistical data and the prior knowl-
edge of the dataset, and also consider the relationships between the labels. Our al-
gorithm aims to filter most of the irrelevant labels efficiently, and hence reduce the
number of potential labels for the testing images.

Suppose that n potential labels are to be filtered to represent a query image I . These
potential labels are obtained from the labels associated with the K nearest neighbors
of the image I using the k-NN search. Our label-filtering algorithm is described as
follows:

(1) Suppose the K nearest neighbors have nq different labels. Count the respective
frequencies of the nq labels based on the K nearest neighbors, and sort the la-
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bels into descending order of frequency. The frequency of these sorted labels is
denoted as fi, i = 1, · · ·nq.

(2) Compute the average Av of the frequencies of all the labels:

Av =
1

nq

nq∑
i=1

fi. (3.1)

(3) Choose the first nl labels, with their frequencies being higher than α · Av (α
controls the value of nl. These nl labels are considered as the potential and
relevant labels of the query image I .

(4) Denote p(x, y) as the co-occurrence matrix of the samples x and y. Calculate the
co-occurrence matrix of the remaining nq−nl labels and the nl labels chosen in
Step (3). Then, compute the sum of each column to obtain the value Ci, where
i = 1, 2, · · · , nq − nl.

(5) Denote Fj as the frequency of occurrence of label j in the training set. Calculate
the normalized frequency F ′j of the nq − nl labels in the training set as follows:

F ′j = Fj

/
nq∑

i=nl+1

Fi, (3.2)

where j = 1, 2, · · · , nq − nl.

(6) Compute the product of Ci and F ′j , which represents the degree of likelihood of
the ith label being a label of the query image. These products are then normal-
ized as follows to form a probability distribution pi(i = 1, 2, · · · , nq − nl) for
the nq − nl labels.

pj = F ′j · Cj/
n∑

i=nl+1

(F ′i · Ci), (3.3)

where j = 1, 2, · · · , nq − nl.

Finally, a threshold value T1 will be set such that those labels with probabilities
higher than the threshold i.e. pi > T1, will be selected as the labels for the query
image. In other words, those labels with their pi smaller than T1 will be regarded as
irrelevant. A maximum number of labels for an image can also be set.

The filtering algorithm is simple and efficient. At this stage, we are not aiming to
achieve accurate labeling, but rather to achieve a missing rate that is as low as possible.
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Therefore, we may even set q to the same value as n to reduce the missing rate in the
extreme. We can also increase the parameter K to reduce the missing rate. The issue
of overall accuracy is dealt with in the second stage of our algorithm.

3.3 Label-specific feature learning algorithm
Efficient learning algorithms always play an important role in a successful image-
annotation system. The use of proper features determines the performances of the
learning algorithms. Numerous features have been proposed, yet the most efficient
features still cannot solve the semantic-gap problem. In recent years, high-level im-
age representations have been extracted to narrow the gap. Hierarchical models have
also been constructed to discover the visual relationships between the different rep-
resentations. Moreover, many works have shown that visual-attributes learning is
beneficial for improving the classification performances. Nevertheless, an automatic
understanding of the high-level image concepts with large within-concept variations
in the visual properties is still beyond the ability of the state-of-the-art techniques
[10][11][60][62][65][71].

In an image-annotation system, we can assign keywords to represent an image.
Usually we have the access to the keywords assigned to the entire image for each single
input image. However, we do not know which regions of an image correspond to its
keywords. The problem can be treated as one of translation from image instance to
keywords. Another approach [62] is to first segment images into several objects, then
to find the probabilistic relations between the parts of the image and the keywords.
Gao and Fan [72] not only identify specific objects in an image, but also incorporate
concept ontology to group similar items and label a theme for the image.

Although the state-of-the-art techniques can achieve acceptable annotation per-
formances, there is still plenty of room for improvement, not only in accuracy, but
also in efficiency. Facing a complex image, humans can more easily cope with the
image-annotation task than the most advanced machine-learning algorithms can. We
wonder what kinds of features are inputted into the human visual system that allows
us to annotate a complex image within a short time. In [73], Liang et al. proposed
a region-based attention model using eye tracking. In the model, the human-attention
mechanism is explored by popping out perceptually attended objects sequentially from
an image based on several visual features. Inspired by their work, we can understand
the human visual system in a simple way. When we look at a single image, we prefer
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to check the image in two ways: globally and locally. That means we scan the global
features and the local features through our visual system. Take Fig. 3.1 as an example,
when we look at the picture on the left, the color information first attracts our eyes.
We can judge that the blue color occupying almost half of the image should be related
to the tag “sky” or “sea”, etc. When the picture on the right is shown to us, the shape
of the object at the center tells us that there is a car in the image.

Our work is based on the assumption that high-level semantic concepts can be re-
flected in a pool of low-level features, i.e. the color, texture, and shape descriptors.
We can understand this assumption in this way. Some semantic concepts can be pre-
dicted quite well using global-color information only, while the prediction of some
other concepts may need local-feature information. If human knowledge can be em-
ployed in the annotation system, the system can choose more suitable features for a
test image. In other words, to achieve a good performance level for image annotation,
the system should be able to learn and then judge whether there is an object or a scene
in an image, and which features are suitable to construct the classifier for the test im-
age. Therefore, in the rest of this section, we will present our algorithm of feature-pool
selection for training an accurate and efficient image classifier.

(a) (b)

Figure 3.1: Image examples that can be easily annotated by humans.

3.4 Image representations
For image-annotation and object-recognition applications, good image-content repre-
sentations which can capture more meaningful insights into images can make the clas-
sifier training tasks more efficient and effective. When we face a multi-label image-
classification problem, the image-representation framework may become even more
important than the learning algorithm. If a multi-label image is treated as a number
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of single instances, the corresponding tags will be very difficult to relate to the im-
age by learning reliable classifiers for each single semantic concept. In many works
[60][63][74], image regions are used as image instances to represent the image content
and classifiers are learned by using these image instances. Nevertheless, segmenting
an image into regions which can represent different semantics is still a time-consuming
and unreliable task.

In [75], a graph structure was proposed to describe the relations of the features. In
the approach, a pair-wise graph is constructed, with each vertex representing a single
image that may be labeled or unlabeled. Two similar images are connected by an
edge, and the edge weight is calculated as an image-to-image distance. [35] extended
the concept of a simple graph to a hypergraph. The main idea of a hypergraph is
that a simple graph cannot completely represent the relations among images. In a
hypergraph, an edge can connect to more than two vertices. Each edge is called a
hyperedge, which can be considered as a set of several vertices rather than two vertices
only. In other words, a set of vertices is defined as a weighted hyperedge; and the
weight of a hyperedge can, to a certain extent, represent the degree of the vertices in
the hyperedge belonging to one cluster. Actually, the hypergraph can contribute to a
better representation of the relations among images by considering not only the local
grouping information, but also the similarities between the hyperedges that involve
more than two images. Fig.3.2 shows the procedures for learning the representative
exemplars for each label class.

Figure 3.2: Learning of exemplars for each label class.

When a hypergraph has been constructed, the next problem is how to solve it. In
[68], Zhou et al. employed a spectral clustering technique to partition the graph, sim-
ilar to the normalized-cut approach in [61]. Furthermore, the concept of hypergraph
Laplacian has been introduced, which is derived by relaxation to approximately obtain
the hypergraph’s normalized cuts.
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Let V denote a finite set of image instances (also represented as a set of ver-
tices of a hypergraph), and E denote a subset of V . A hypergraph is represented as
G = (V,E,W ) with the vertices V , the hyperedge E, and the weight W for each
hyperedge. A hypergraph can be represented by a |V | × |E| incidence matrix H with
entries h(v, e) = 1 if v ∈ e, and 0 otherwise. In this model, all the vertices in a hy-
peredge are treated equally; and this inevitably results in the loss of information. [76]
proposed a softmax probability model to replace the binary assignments to the entries.
In this model, each vertex is taken as a centroid node in turn, and the hyperedge is
formed by the vertex concerned and its k nearest neighbors. The incidence matrix H
is defined by a distance measurement D(j, i) for the ith vertex and the jth hyperedge
as follows:

h (vi, ej) =

{
D(j, i), ifvi ∈ ej,

0, otherwise.
(3.4)

In this formulation, the vertex vi is softly assigned to the hyperedge ej based on
the similarity measurement D(j, i). In this hyperedge, vj is the centroid and vi is
a nearest neighbor of vj . This probability model not only considers local grouping
information, but also provides the probability of a vertex belonging to a hyperedge.
The correlations among different vertices can be presented well using this model. This
also means that the structure of the vertices can be explored conveniently by referring
to the probabilistic hypergraph model. For each hyperedge, we have a hyperedge
weight computed as follows:

w(ei) =
∑
vj∈ei

D(i, j). (3.5)

Similar to [74], our aim is not to solve the hypergraph for image retrieval. In other
words, we need not partition the hypergraph for training. We simply embed the feature
instances into the graph, and then we make use of the spatial structure to find the most
representative patches for each label class. The hyperedge is the correlation between
the centroid vertex and its k nearest neighbors. More specifically, assume that we have
two vertices va and vb belonging to the same class m. If the hyperedge weight related
to the centroid vertex va is greater than that related to the centroid vertex vb, we can say
that the vertex va has more representative power than the vertex vb has for the class m,
to some extent. From this point of view, we can use the knowledge of the hyperedge
weight to identify the most representative instances for each class, and the so-called
exemplars can be found for each class by solving the following formulation:
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i∗ = arg max
i

w(ei). (3.6)

This formulation means that, for each class, we indentify the k nearest neighbors
of each class sample that will form the most compact cluster. The compactness is
measured by the sum of the similarity between the centroid sample and its neighbors.
After the representative instances for each class have been found, we can use these
instances to learn a feature-pool selection-based classifier for each single class, along
with the users’ knowledge.

3.5 The framework of the annotation model
Regardless of the type of feature used, a semantic word typically does not refer to a
single feature, but to a group of features that form the object or scene in an image.
However, the problem exists particularly when a given image contains more than one
object or scene; moreover, the meaningful feature configurations may be easily lost
among a huge number of irrelevant or accidental groupings of the features.

Our proposed method firstly uses an adaptive boosting method to select features
from a feature pool for each class, and then employs a label-selection algorithm to out-
put the final label for a test image. Fig.3.3 shows the process of our feature-selection-
based algorithm for label selection.

Figure 3.3: The label-selection algorithm.

In the training stage, we consider the exemplars of each class as positive sam-
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ples, while the exemplars of other classes are negative samples. Unlike the traditional
AdaBoost-based feature-selection framework, our proposed method introduces the use
of a feature pool instead of common features. We consider two kinds of features:
global features and local features. Different features which are effective for a specific
class are selected using the AdaBoost algorithm. In other words, the classifier for each
label class uses a specific set of features so as to achieve the best performance.

3.6 Model Parameterization
In the image-annotation problem, upon receiving a query image Iq, an annotation sys-
tem will output its corresponding labels l(q, t), where l(q, t) refers to the set of tags t
related to the query image Iq. Assume that the label set L contains n classes, and that
l(q, t) is a subset of L. An exemplar image is denoted as Ike , where k is the class index.
The aim of annotation is to find the tags t∗ that maximize the conditional distributions
p(t|Iq). The feature pool used in the learning is denoted as F = {f1, · · · , fi, · · · , fm}
, where fi represents one type of feature pool, e.g. color histogram, local shape de-
scriptors, etc., and m represents the number of feature types used.

In this chapter, we propose a novel algorithm by incorporating different feature
pools for a hierarchical training of image classifiers. First, different feature pools
are used for training an label classifier. Then, we choose the feature pool which can
achieve the best performance as the feature descriptors of the corresponding class. In
the first step of our algorithm, the transferable knowledge and the common features
among the different classes are not considered, and the most suitable feature pool for
each class is found. It should be noted that the same feature pool may be selected
for several label classes. We incorporate the multi-task learning algorithm [77] into
our framework. To integrate multi-task learning into SVM image classifier training,
a common regularization term Wc of the image classifiers is used to represent the
transferable knowledge and the common features among the SVM classifiers for the
images that can be described well by the same feature pool. Following [12], the weak
classifier for one single class Cj can be defined as:

ΦTj(X) = W T
j X + b, (3.7)

where j is the class index and Wj = Wc + Vj , Wc is the common regularization
term shared between the classifiers using the same feature pool, Vj is the specific
regularization term for the individual label class, X is the feature vector, and b is an
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offset.
The training samples which result in the best performance under the same feature

pool are denoted as fm : W = {Xpq, Ypq|p = 1, · · · , N ; q = 1, · · · , L}, where L is the
number of training samples using the same feature pool, N is number of feature pools,
X is the feature vector, and Y is the label. Training multiple classifiers for the label
classes using the same feature pool fm is then transformed into a joint optimization
problem:

min
(Wc,Vj)

{C
L∑
q=1

N∑
p=1

ξpq + β1

L∑
q=1

‖Vj‖
2

+ β2‖Wc‖2} (3.8)

subject to ∀Np=1∀Lq=1 : Ypq(Wc + Vj) · Xpq + b ≥ 1 − ξpq, ξpq ≥ 0, where ξpq ≥ 0

represents the training error rate, β1 and β2 are positive regularization parameters, and
C is the penalty term. The dual optimization problem for the above equation is to
determine the optimal α∗pq by:

max
αpq

{
L∑
q=1

N∑
p=1

αpq −
1

2

L∑
q=1

N∑
p=1

L∑
h=1

N∑
l=1

αphYphαqlYqlKqh(Xph,Xql)

}
(3.9)

subject to ∀Np=1∀Lq=1 : 0 ≤ αpq ≤ C,
L∑
q=1

N∑
p=1

αpqYpq = 0, where Kqh(., .) is the

underlying kernel function. Our multi-task learning algorithm is able to handle the
visual similarity among the label classes under the same feature pool.

The common regularization term Wc for the label class is further treated as a prior
regularization term to bias the SVM classifier for the corresponding feature pool. We
only need to use a few new training images to train a biased classifier for each feature
pool. That means that when we have a testing image, we can first judge what kinds of
feature should be used, and then the score for each label class is computed.

The proposed method aims to find a suitable feature space for each class. Then, we
explore the transferable knowledge and common features among the different classes.
Different feature-selection methods result in different performances. Our framework
takes advantage of using the different feature spaces, and combines them to achieve a
good performance. In the experiments, we will implement the two parts of our annota-
tion framework, and then combine them to achieve efficiency and a good performance.
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3.7 Experiments and results for this part
The experiments are divided into three parts. We will first evaluate the effectiveness
of the LFA algorithm in removing irrelevant labels. Then, the performance of our
label-specific classification algorithm is measured and compared to other state-of-the-
art methods. Finally, the two proposed algorithms are combined, and the performance
of this two-stage image-annotation framework is evaluated and compared with other
algorithms. Three commonly used datasets are used in the experiments.

3.7.1 The database used

Three databases are used in our framework. The first database used in the experiments
is Corel 5K, which contains 5,000 images comprising 4,500 training samples and 500
testing samples. Each image in the dataset is annotated with about 3.5 keywords on
average, and the dictionary has a total of 374 words or labels. Another dataset used is
Corel 30K, which is similar to Corel 5K except that it is substantially larger, containing
31,695 images and 5,587 words or labels. The third dataset used is ESP Game dataset
which contains 18,689 training images and 2,081 testing images.

3.7.2 Results for the Corel 5K dataset

In the first stage, we will evaluate the effectiveness of the LFA algorithm in terms of
removing irrelevant labels for the testing samples. Then, we will construct the exem-
plars for each class, and show the image patches that are chosen as the exemplars of
some classes. Finally, we will measure the performances of our two-stage framework
for image annotation based on the Corel 5K dataset.

In the first step, K is set at different values, from 50 to 120, i.e. we select the K
training samples which are the most similar to the query image. Some labels of these
K images may be the same, so we control the numbers of distinct labels obtained
ranging from 30 to 60, by setting K at 100, with 500 testing images.

In the experiment, three parameters are considered. First, the number of labels is
defined in Step 2 of the LFA algorithm is adjusted, which has a significant effect on
the performance of our algorithm, because these l labels will be considered as relevant
labels. We choose those l labels in our algorithm whose frequencies are higher than
2 ·Av (we set α = 2 by experiment), as described in Step 3 of our algorithm. Then, the
respective local frequencies of the q− l labels are computed. After normalization, two
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probability matrices are obtained. The dimension of the co-occurrence matrix p(x, y)

is m × n, where m is the number of keywords of the l labels, and n is the number of
keywords of the q − l potential labels. The dimension of the local frequency matrix
Fx is n × 1 . The product of the above two matrices, i.e. p(x, y) · Fx provides the
probabilities of the q − l labels. Actually, we have taken the frequencies of the first l
labels into consideration; however, the results do not change much. We can therefore
conclude that the co-occurrence between the l labels and the other q−l labels is a more
important factor for our algorithm than the corresponding frequencies of the l labels
that appeared in the training set.

(a)

(b)

Figure 3.4: The performances of the label-transfer algorithm and our label-filtering
algorithm for removing irrelevant labels: (a) the number of testing images whose
ground-true labels are all contained in the corresponding percentage of labels selected,
and (b) the number of testing images that at least one ground-true label are covered by,
and the corresponding percentage of most probable labels.

The performance of our proposed method is compared to the label-transfer method
by Makadia et al [10]. Fig.3.4 shows that our label-filtering algorithm outperforms the
label-transfer method in removing irrelevant labels. Experimental results show that
our method can efficiently remove most of the irrelevant labels. The average number
of labels chosen as potential labels is smaller than 50. That means that when 70%
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Table 3.1: Some exemplar patches chosen using our method.

of these 50 labels i.e. about 35 labels out of a total of 374 labels remain for the
second stage after label filtering, our algorithm can guarantee that about 94% of the
testing images contain all the correct labels, and that about 97% of the testing images
have at least one correct label. Therefore, even though our algorithm is simple, it can
efficiently remove most of the irrelevant labels, and can thereby save the computation
required for the next stage.

The second experiment will show the kinds of image patches to be chosen as ex-
emplars for different classes. The images in Corel 5K have significant differences
for different classes, but also have large variations between images in the same class.
Thus, it is useful to find “good exemplars” for each class. In this experiment, we have
employed the Colored Pattern Appearance Model (CPAM) feature only, which has
been proven to be simple and efficient [11]. Table 3.1 illustrates some of the patches
chosen as exemplars for some classes. We can see that some classes have very good
and representative exemplars, even though every image instance is simply divided into
5 sub-windows. However, some patches may not clearly reflect some of the classes.
Indeed, a big semantic gap obviously exists between the low-level features and the
class labels, such as in the clas “marke”. Nevertheless, our method can identify good
exemplars in most cases. We believe that identifying good exemplars plays an impor-
tant role in the research of image retrieval.

We evaluate the performances of our algorithm with an increase in the number of
exemplars used. By considering the average number of examplars for each class, we
measure the mean precision (which is a key measurement for image annotation) for the
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Table 3.2: The mean precision rates (P%) for using different numbers of exemplars.

No. of exemplars 1 3 5 7 9
(P %) 14.1 21.3 32 26.5 23.3

500 testing images, based on using 1, 2, 3, · · · , 9 exemplars. Five results are tabulated
in Table 3.2, which shows that using five exemplars, on average, can result in the best
performance with our method. So we choose 5 as the number of exemplars for each
class in the experiments that follow.

In the next experiment, we will check the performance of our feature-pool selec-
tion algorithm. As mentioned previously, the total number of labels available for the
training images is 374. However, the 500 testing images cover only some of the labels.
Thus, we selected 4,007 from 4,500 training images with 110 labels only, which cover
all the labels of the testing images.

The feature pools used in the following experiments can be divided into two parts:
global features and local features, as listed below. The numbers listed below represent
the different feature-pool types used in the experiments.
Global features:

(1) Color feature: RGB color moment (3 × 3 grid, color mean, variance, skewness
for R, G, B)[78],

(2) Edge histogram (edge-orientation histogram, Canny edge detector) [78], and

(3) SIFT (based on a regular grid) [78].

Local features:

(4) Gabor wavelets (5 scales and 8 orientations, 3 moments for each sub-image)
[78],

(5) Local binary patterns (59-dimensional LBP histogram) [78], and

(6) SIFT (based on the interesting points) [78].

Fig.3.5 shows the relative performances of the above six types of feature pool used
for classifying the class labels. For each feature pool, the number of class labels that
can be best classified is measured. It can be observed that the different feature pools
have different performances on the various label classes, which means that we can
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Figure 3.5: The number of class labels which results in the best performance based on
the same feature-pool type.

identify and use the most suitable feature pool for each single class in this step. We
also believe that the same feature pool can best be used to describe a number of label
classes. Combining the features may not always increase the performance of image-
classification tasks; in some situations, combining a large number of features may
decrease the performance. We aim to find the most suitable feature type for each
single class.

After finding the individual feature pool for each class, we then explore the transfer
of knowledge between the classes under the extraction of the same feature pool. In
other words, our learning algorithm also considers the common features among the
different classes that can be best classified using the same feature pool. Fig.3.6 shows
the performance of our learning framework with and without the use of knowledge
transfer.

Next, we will evaluate the overall performance of our proposed image-annotation
framework. Three performance indices are measured: the mean precision rate (P%),
the mean recall rate (R%), and the number of total keywords recalled (N+), respec-
tively. We compare our learning method with the-state-of-the-art methods. We first
use the label-filtering algorithm, which filters most of the irrelevant labels. The output
labels are then further selected using our label-selection algorithm.

Table 3.3 shows the performances of our proposed kernel-based discriminative
model versus some existing methods using Corel 5K. Our second-stage learning al-
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Figure 3.6: Percentages of the testing images that can be annotated correctly by at
least one word among the top n words using our proposed learning framework, with
and without knowledge transfer.

gorithm outperforms the-state-of-the-art learning methods. Our two-stage algorithm
outperforms most of the other methods, and is comparable toTagProp,particularly in
terms of the mean precision rate, which is the most important measurement. Neverthe-
less, our proposed method is more efficient, as the first stage of our algorithm removes
most of the irrelevant labels, and it can solve the multi-label problem such that an
image belongs to a number of classes.

We have also studied the trade-off between precision and recall for this dataset.
The results are shown in Fig.3.7. The precision-versus-recall plots are generated by
increasing the number of keywords assigned to an image from 5 up to the total number
of keywords for Corel 5K. The green line represents the results based on our two-stage
framework, while the red line represents the performance based on our second-stage
algorithm without using LFA. Table 3.4 shows some image-annotation results using
our algorithm, and the ground-truths are also shown. We note that our algorithm can
achieve at least one correct label in most cases.

We then analyze the complexity of our annotation algorithms. Like [64], we as-
sume that there are D training images, and that each produces R-dimensional visual
feature vectors. The complexities of CRM [17] and MBRM [18] are both of O(DR),
while SML [10] has the complexity of O(TR), where T is the number of semantic
classes. TagProp, which can achieve a good performance, has the same time com-
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Table 3.3: Performances based on the Corel5K dataset for some existing methods and
our proposed method.

Methods P% R% N+

CRM [17] 16 19 107
InfNet [79] 17 24 112
NPDE [71] 18 21 114
MBRM [18] 24 25 122
SML [10] 23 29 137
TGLM [80] 25 29 131
JEC [65] 27 32 139
LASSO [65] 24 29 127
TagProp [63] 33 42 160
Proposed (without LFA) 35 43 164
Proposed (with LFA) 31 40 151

Figure 3.7: Precision-versus-recall plots generated by varying the number of keywords
assigned to an image with and without using LFA.

plexity as MBRM, since it is based on the KNN-based model. In the experiment, our
algorithm first filters out most of the irrelevant semantic classes; the number is, on
average, 80% of the total number. This means that the complexity of our framework
is almost 20% of SML. For example, Fig.3.8 presents the per-image annotation time
required by each of the methods on the Corel dataset as a function of D.
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Figure 3.8: Comparison of the time complexity for the annotation of a test image in
Corel 5K.

3.7.3 Results for the Corel 30K dataset

Next, we use a larger dataset to evaluate the performance of our framework. We use the
Corel 30K dataset which is similar to Corel 5K. It contains 31,695 images and 5,587
words. We follow the same procedure as in [81]; we choose only those words that are
used as the labels for more than 10 images in the dataset to form the semantic vocabu-
lary. The average number of labels per image is about 3.6. To evaluate our method for
large-scale annotation tasks, we compare our algorithm’s performance with HPM [81]
and SML[10] on the Corel30K dataset. Table 3.5 presents the comparison, and shows
that our proposed method outperforms both the SML model and the HPM model with-
out knowing the labels. Our method is still comparable to HPM when one label is
already known. Although HPM with one already-known label performs slightly better
than ours, our method will will improve significantly if one already-known label is
available as HPM. Our performance is quite good without LFA, while the result is still
acceptable after using the label-filtering process. We sacrifice only a little accuracy for
the sake of efficiency. Facing a large dataset, our method is straightforward and the
performance is promising.

We also show the recall and precision rates when the annotation length ranges
from 1 to 15 on the Corel 30K dataset. Fig.3.9 shows that our proposed method still
performs well on a large dataset with more than 1000 tags. This demonstrates the
robustness of our algorithm when the numbers of tags and training images increase.
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Table 3.4: Predicted labels versus ground-truth (the differences are marked in italics)

Table 3.5: Performance Comparison on the Corel 30K Dataset.

Method SML HPM,
Given 0

HPM,
Given 1

Prop.WO
LFA

Prop.WI
LFA

Avg. Prec. 0.12 0.10 0.16 0.15 0.13
Avg. Recall 0.21 0.19 0.31 0.29 0.24

Rate+ 44.63% 46.21% 55.71% 51.68% 49.89%

3.7.4 Results for the ESP Game dataset

This database is obtained from an online game, which has become a well-known
dataset for image annotation in recent years. Following [82], we use the set contain-
ing 18,689 training images and 2,081 testing images. There are a total of 268 unique
caption terms, and the average number of caption terms for a single image is 4.7. We
compare our results with three existing methods – see Table 3.6. Fig. 3.9 shows the
precision-recall curves of JEC and our proposed method with LFA, based on the ESP
Game dataset. Our method can also achieve better results based on this dataset.
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(a) Precision.

(b) Recall

Figure 3.9: Performance of our proposed method with and without LFA based on
Corel 30K with a test set of 1500 tags.

3.7.5 Performances with a large dataset

In order to evaluate the performance of our proposed approach on large datasets, we
consider ImageNet, which is an image dataset organized according to the WordNet
Hierarchy. Although no existing method can handle a dataset containing more than
100,000 synsets, we can still make use of the high-level categories and structure infor-
mation to evaluate our image-annotation framework.

ImageNet has the bounding boxes for over 3,000 popular synsets. For each synset,
there are, on average, 150 images with bounding boxes. In our experiments, we chose
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Table 3.6: Performance Comparison on the ESP Game Dataset.

Method
Compared

JEC
[65]

TagProp
[63]

AICDM
[82]

Prop.WO
LFA

Prop.WI
LFA

Avg. Prec. 0.22 0.39 0.24 0.41 0.35
Avg. Recall 0.25 0.27 0.26 0.28 0.25

N+ 224 239 231 241 228

1,000 of the most popular synsets for evaluating our method on a large dataset. All
1,000 synsets are grouped into 28 kinds of high-level categories. Each category also
contains many subcategories. The different subcategories of the same high-level cat-
egory have large variations. ImageNet also offers the SIFT features for these 1,000
popular synsets. The raw SIFT descriptors, as well as the quantized codewords, are
provided, which are suitable for Bag-of-Words representations. In this experiment, we
use the SIFT features offered by ImageNet, and also extract features introduced in the
previous section for image annotation.

For this experiment, two evaluation measures are employed. The first one is
the precision rate (%), which measures the accuracy of determining each high-level
category. The other measure is the mean misclassification cost. Following [83],
for each image x(k)

i ∈ X, i = 1, · · · ,m from class k, we consider the predictions,
f(x

(k)
i ) : X → {1, · · ·K} where K is the number of classes (e.g. K = 1, 000 for

this case), and we evaluate the cost for class k as Lk = 1
m

∑m
i=1Cf(xki ),k, where C

is a K × K cost matrix and Ci,j is the cost of classifying the true class j as class i,
where 1 � i � K, 1 � j � K. The mean cost is the average cost across all of the
classes. For example, misclassifying the category “tiger” as “fox” (these two belong to
the same high-level category) will not be penalized as much as misclassifying “tiger”
as “wood” (these two belong to two different high-level categories). Thus, we make
use of the structure of the high-level categories in measuring the cost. In other words,
misclassifying an input as another synset of the same category will be penalized less
than misclassifying it as a synset belonging to a different category.

Firstly, we randomly sampled 2,500 images (1,000 for training, 1,000 for valida-
tion, and 500 for testing) for each high-level category. These images may belong to
different synsets, but are within the same category. Then, we measure the precision
rate for each high-level category by 10-fold cross-validation. The average precision
rate for each category is then measured.
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Table 3.7: Mean precision rate (%) of each high-level category.

High-level # of synsets Average number of Mean precision
category (subcategories) images per synset rate (%)

amphibian 94 591 9.3
animal 3822 732 6.9

appliance 51 1164 11.6
bird 856 949 9.1

covering 946 819 7.3
device 2385 675 8.4
fabric 262 690 7.1
fish 566 494 13.7

flower 462 735 12.9
food 1495 670 10.6
fruit 309 607 8.1

fungus 303 453 6.1
furniture 187 1043 11.2

geological 151 838 9.4
invertebrate 728 573 7.0

mammal 1138 821 5.7
musical 157 891 7.6

plant 1666 600 10.9
reptile 268 707 10.1
sport 166 1207 9.6

structure 1239 763 4.3
tool 316 551 8.1
tree 993 568 6.1

utensil 86 912 8.8
vegetable 176 764 9.3
vehicle 481 778 16.1
person 2035 468 17.8
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Table 3.7 tabulates the corresponding results for each high-level category. We find
that some of the high-level categories can achieve a high accuracy level, while some
other achieves lower accuracy. The category “person” achieves the best performance,
with a mean precision rate of 17.8%, while the category “structure” achieves the worst
performance at 4.3%. (may be caused by the nature of the categories concerned or the
amount of variations within the images)

In the second evaluation measurement, we take the misclassification cost into con-
sideration. Different to [83], we do not introduce the WordNet hierarchy into our
framework. Since Ci,j is the cost of classifying the true class j as class i, we set Ci,j
at three different values. If i and j belong to different categories, Ci,j is set at 1. But
if i and j belong to the same high-level category, Ci,j equals 0.5. If i = j, Ci,j is set
to 0. We compare our framework with the method BOW+SVM [40] and BOW+NN
[40]. Fig.3.10 shows that our feature-pool-selection method can achieve a lower mis-
classification cost than these other two methods.

Figure 3.10: Misclassification costs of the three different methods.

3.8 Conclusion for this part
In this chapter, we present an efficient hierarchical framework for image annotation,
which employs an adaptive learning algorithm to select an optimal feature subset for
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each label. This proposed framework contains two parts. The first part can efficiently
remove most of the irrelevant labels, and it solves the multi-label problem faced by
images belonging to a number of different classes. The second stage uses a more
computational, but also more accurate, method for image annotation. In this part of
our framework, we first explore the relationship between the feature pools and the
class labels. Then we explore the transfer of knowledge between the classes with
the use of the same feature pool. We aim to construct a discriminative classifier for
each label, while maintaining the relationships between the different labels. We make
an assumption that some high-level concepts can be represented well by only a few
feature pools, and we have proven this assumption by evaluating the performance of
our framework using different datasets. Our proposed method works well on all the
three well-known datasets for annotation benchmarking. The experiment results of our
framework are promising, and show that it can achieve both efficiency and accuracy in
image annotation.
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Chapter 4 Improved image annotation
system with Tree-structure

When machines face to the problem of image annotation, we always ask “Can ma-
chines replace human beings to some extent?” In this chapter, we aim to explore
the knowledge learning for an image-annotation framework, which is an easy task for
humans but a tough task for machines. The book titled “Thinking, Fast and Slow”
assumes that humans have two systems; one is used to solve the problems without
requiring thinking, while the other requires some thought. Can a machine have two
such systems, like human beings, for imageannotation tasks? Our research is based on
this assumption, and introduces a new hierarchical model for image annotation. We
explore not only the relationships between the labels and the features used, but also
the relationships between labels. More specifically, we divide labels into several hier-
archies for efficient and accurate labeling, which are constructed using our Associative
Memory Sharing method, proposed in this chapter.

Figure 4.1: Image examples for solid and abstract tag: Image examples for solid and
abstract tag.

Human beings see image-annotation tasks as an easy problem. The related tags
that we assign to an image can be classified into 2 categories. As shown in Fig. 4.1,
one category includes those basic or obvious tags that we do not need to think about,
e.g. apple, sky, dog, etc. The other is the more complex or abstract tags that we need
to think over, e.g. market, African, indoor, etc. We wonder if a machine can have such

53
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two systems, like human beings? Therefore, in this chapter we propose a hierarchical
framework to mimic the two systems for handling tags, i.e. with solid concepts and
abstract concepts, respectively.

In order to exploit the correlations between the class labels, we introduce a method
called Associative Memory Sharing (AMS), which classifies image labels into dif-
ferent levels of a hierarchy according to their level of abstraction, for the purpose of
constructing a tree structure in the learning framework. In other words, the labels or
graphs of labels are linked to each other through the tree structure. In pursuit of the
ultimate goal of building an intelligent image-annotation system, it is also necessary
to incorporate human knowledge into our proposed framework. In the training part,
we will use human knowledge interactively to help the system to choose representative
images for each label class.

The remainder of this paper is organized as follows. First, a brief introduction to
related works will be given. Then we present our proposed method in detail. The
experiment set-up and results, and a conclusion, are given in the end, respectively.

4.1 Previous work on learning label trees
Tree-based models are normally used to accelerate large scale classification problems.
Learning the classifier weights for each node and the labels for the leaf nodes is the first
issues for these models. The efficiency benefits of the tree structure will be maximized
when the examples or classes are balanced among the leaf nodes.

Beygelzimer et al. [84] built a randomized tree at test time, and each sample tra-
verse the tree from the root to single leaf node which corresponds to a single class.
Conditional Probability Tree (CPT) prefers to build the tree at training time, which is
based on optimizing conditional probability. Gao et al. [85] formulate a new class
hierarchy in DAG structure and learned a unified max-margin classifier and split the
classes at the same time.

Bengio et al [86] incorporate the tree into the multi-class tasks. In their method,
the tree structure is built by the spectral clustering of the confusion matrix, which is
generated by a one-against-all classifier. Then they learn the tree classifier based on
a loss function that outperforms independent nodes optimization. In order to further
boost their performance and speed, they integrate label embedding technique into their
tree framework.

Deng et al. [87] propose a two-step margin-based model for finding the label tree
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parameters. In the first step, the system learns the linear classifiers that choose the
child node to be visited by maximizing a multi-class margin score. This score is based
on a list of classes assigned to each of the child nodes. The list of classes assigned to
each node is determined in a second optimization that attempts to create a balanced
tree by assigning classes to different child nodes.

In this work, we aim to devise a learning algorithm to handle labels in a human
way. Although it is difficult for machines to handle labels in different ways accord-
ing to each labels nature, we can construct a hierarchical structure among the labels
to facilitate this capability by making use of tree structure. Our proposed method will
incorporate the correlations between labels into a learning framework. We will explore
the relationship between the labels that appear in the same images, and then build the
hierarchy for the labels in the whole dictionary. Specifically, a word or label that fre-
quently appears simultaneously with several other words will be located at a higher
level in the hierarchy. For example, the label “Market”, which often appears with
labels such as “People”, “Fruit”, “Outdoor”, and so on, will reside higher in the hier-
archy. For image representation, we follow our previous work [74] using pools of fea-
tures. We will learn the mapping between the tag space and the image-representation
space. We aim to boost the performance of feature-label selection based on the con-
structed hierarchical structure. Our proposed approach can achieve a good balance
between efficiency and accuracy.

4.2 Associative memory sharing
Associative memory in computer organization is the memory unit accessed by the
content of data. It is also the memory unit which storage locations are identified by
their contents. In our work, labels are considered as different contents of data located
in a tree. We want to make use of the transfer knowledge from a node to another node.
In other words, associated memory can be shared among the nodes.

The concept of Associative Memory Sharing (AMS) is an extension of our previous
work [88], where we determine the labels of an image by making use of statistical data
and prior knowledge of the dataset, and also by considering the relationships between
the labels. In this paper, the labels of the same images are assumed to be associated,
and have their associations modeled by our AMS algorithm.In order to accommodate
more dependencies between labels in a model, [84] considered the extension of group-
ing label variables, and then defined a tree covering these groups. A label group can
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be viewed as a fully connected set of variables in the graphical model. However, a cer-
tain structure in this cyclic, graphical model contains local cycles only (i.e. among the
neighboring groups in the tree). [86] also extended the tree to a mixture-of-trees, which
allows for more label dependencies. The mixtures are defined either to cover trees with
different group sizes, or to cover trees with different structures over a fixed set of nodes.
A tree model was used to learn the dependencies among object categories, rather than
class labels. Before their work, [84] have used a fully-connected conditional random
field to model object dependencies, which is a time-consuming process when handling
a large number of object categories. [87] distinguishes a scene from objects and from
model dependencies among objects using scene-object relationships. In that way, the
direct dependencies among objects may be ignored. [85] described a prior model that
captures the co-occurrence statistics and spatial relationships between objects, which
may provide a richer representation of object dependencies. However, one class or one
object represented by a single node may still lead to a complex connection between
labels and a high computational cost.

In this paper, we employ probability functions in our tree structure. Instead of
representing one label using one node, we introduce a totally different form of repre-
sentation. Our method allows for either assembled labels or a simple label only. We
will present the details of our algorithm in this section.

4.2.1 Construction of a tree hierarchy

Suppose that the set Γ = {l1, l2, · · · , ln} represents the dictionary of the labels for
the whole image dataset. The training images are denoted as {i1, i2, · · · , iN}, while
lSi(Si ∈ {l1, l2, · · · , ln}) represents the labels of the image li in the training set. Then,
assuming that each image contains no more than 4 labels, a tree structure can be con-
structed using the following steps:

Step 1: Only images containing label pairs are considered in this step. We count the
frequency of each of these label pairs (e.g. Fruit-Apple, Layer 1 in Fig. 4.2)
which appears in the same training images. Sort these label pairs in descending
order according to their frequencies.

Step 2: Only images containing label triplets are considered in this step. We count the
frequency of each of these label triplets (e.g. Fruit-Apple-Market, Layer 3 in
Fig. 4.2) which appears in the same training images. Sort these label triplets in
descending order according to their frequencies.
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Step 3: We count the frequency of each single label which appears with a label pair
(e.g. Garden-(Fruit, Apple), Layer 2 in Fig. 4.2, where the label “Garden”
appears with the label pair “Fruit, Apple”). Sort these labels in descending order
according to their frequencies.

Step 4: We count the frequency of each single label which appears with a label triplet
(e.g. Crowd-(Fruit-Apple-Market), Layer 4 in Fig. 4.2). Sort these labels in
descending order according to their frequencies.

Step 5: We can now construct a 6-layer tree-hierarchical structure. The bottom layer,
namely “Layer 0”, consists of all the individual class labels (n classes), and
each node in this layer contains a class label. Then, Layer 1 to Layer 4 are
constructed according to Steps 1 to 4 such that each node in each of the layers
contains different combinations of the labels. Finally, the top layer, i.e. Layer 5,
contains all the labels in a single cluster.

The above steps illustrate the construction of a hierarchy for a number of labels.
Specifically, the single labels, label pairs, and label triplets will form individual small
clusters. Each of these clusters is considered a node in the tree structure. The con-
structed tree structure represents the relationships between the labels and the corre-
sponding image features. The tree structure can be extended to include images having
more number of labels. However, the number of these types of images is usually small.

Using our previous work [74][88], we can learn image exemplars for each of the
label classes (i.e. single label, label pairs, single label+label pairs, label triplets, single
label+label triplets, and all). These image exemplars can be obtained by incorporating
image patches into a hypergraph. The exemplars are good representations of each
class label, which are used to represent the nodes in the tree structure in our proposed
framework. Then, we can extract the corresponding image features relating to each
node in the constructed hierarchical graph.

4.2.2 Tree learning and classification

In this paper, we propose a novel algorithm which incorporates different feature pools
for a hierarchical training of node classifiers. Unlike our previous work, classifiers are
not trained for each label class. We learn a classifier for each node in the tree structure
instead of learning a classifier for each single label. As was done in [89], we train
a regression model with the use of the tree structure. But unlike [89], we extend the
nodes which combine labels in different ways in our proposed framework.
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Figure 4.2: The tree structure constructed using our proposed model, where Layer 0
contains eight bottom-leaf nodes corresponding to eight labels (A, B, C, D, E, F, G,
and H) in the dictionary; Layer 1and Layer 3 contain label pairs and label triplets,
respectively; Layer 2 and Layer 4 are the extended nodes, which are those nodes com-
posed of a single label with either a label pair or triplet, respectively; and Layer 5 is a
single node which contains all the labels.

Assume that the correlations among the labels can be represented using a tree struc-
ture consisting of a set of vertices or nodes V . In the tree structure, each bottom-leaf
node corresponds to a single label (i.e. A,B,C,D,E, F,G and H in Fig. 4.2) in the
dictionary, while the middle nodes represent the label pairs (e.g. AB), label triplets
(e.g. ABC), and two types of extended nodes, which are formed by combining a single
label with either a label pair or a label triplet, as illustrated in Fig.4.2.

To train a node classifier, a feature pool will first be selected from a set of feature
pools, and then a specific classifier is trained using the selected feature for the node.
In the first step of our algorithm, the transferable knowledge between nodes and the
common features among the different nodes are not considered. Only the most suitable
feature pool for each node is identified. It should be noted that the same feature pool
may be selected and used for a number of nodes. In the second step of our training,
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we incorporate the multi-task learning algorithm in [77] in our framework to train the
node classifiers. The following shows the details of our tree-structure-based feature-
label selection algorithm, which consists of a training stage and a testing stage. In
testing a query input, we aim to find the likelihood of a test image belonging to each
node. Then, the final score for each label class is computed according to hierarchical
factors (i.e. the weights learned for the nodes). Further details will be given in Section
3.4.

Training Step

Step 1: Feature Selection (AdaBoost) A classifier is trained for each node used to find
the feature pool that results in the best performance for the class labels, with the
help of the hierarchical factors.

Step 2: Use the multi-task learning algorithm in [77] to learn a classifier for each node
based on the selected feature pool.

Step 3: Train a biased classifier for each feature pool for labeling novel images.

Testing Step

Step 1: Use the biased classifier trained for each feature pool to judge which of the
feature pools is the most suitable for classifying a test image.

Step 2: Use the node classifiers to output scores (in the form of probabilities) which
represent how likely it is that the test image belongs to the corresponding node.

Step 3: Consider the hierarchical factor for each node in computing the final score for
each label class, and choose the labels with the highest scores.

4.2.3 Problem statement and formulation

In the image-annotation problem, upon receiving a query or test image Iq, the an-
notation algorithm will output its corresponding labels l(Iq, t), where l(Iq, t) refers
to the set of tags t related to the query image Iq. Assume that the label set S con-
tains n classes, and that l(Iq, t) is a subset of S. An exemplar image for the ith class
label is denoted as I is. The aim of annotation is to find the tags t∗ that maximize
the conditional distribution p(t|Iq). The feature pool used in learning is denoted as
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F = {f1, · · · , fj, · · · , fM}, where fj represents one type of features (e.g. color his-
togram, local shape descriptors, etc.). Denote dj as the dimension of the feature fj .
Then, the total dimensionality of all the image features in the feature pool F is d, where
d =

∑M
j=1 dj . We can form a feature matrix Xj ∈ Rn′×dj to represent the features of

n′ training images using the jth feature pool. Then, we can learn a corresponding re-
gression coefficient vector βkj ∈ Rdj for the kth node. Since we have to output the
final scores for each label class in the last step, we have βk = (βTk1, · · · , βTkM)T , which
will be solved in (7) to (10) below.

Following our previous work, the weak classifier for the kth node Tk can be defined
as follows:

ΦTk(X) = W T
k X + b, (4.1)

where Wk = Wc + Vk, Wc is a common regularization term shared by those classifiers
using the same feature pool, and Vk is the specific regularization term for the individual
node class. X is the feature vector of the training samples (which will be described
in Section 4.2.4), and b is an offset. For the second and third steps of our training
algorithm, we aim to learn a classifier for each node using the same feature pool, and
then we train a biased classifier for each feature pool. Following are the specific details
of our training algorithm.

Given the training samples which result in the best performance with the same
feature pool j are denoted as fj : W = {Xjk, Yjk|j = 1, · · · , N ; k = 1, · · · , L},
where L is the number of training samples using the jth feature pool, X is the feature
vector, Y is the label, and k is node index. Training a multiple number of classifiers
for each node class using the same feature pool fm is then transformed into a joint
optimization problem as follows:

min{C
L∑
k=1

N∑
j=1

ξij + β1

L∑
k=1

‖Vk‖2 + β2‖Wc‖2} (4.2)

subject to ∀Nj=1∀Lk=1 : Yjk(Wc+Vk)·Xjk+b ≥ 1−ξjk, ξjk ≥ 0, where ξjk represents
the training error rate, β1 and β2 are positive regularization parameters, and C is the
penalty term. The dual optimization problem for the above equation is to determine
the optimal α∗jk by:

max

{
L∑
k=1

N∑
j=1

αij −
1

2

L∑
k=1

N∑
j=1

L∑
h=1

N∑
l=1

αihYihαklYklKkh(Xjh,Xkl)

}
(4.3)
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subject to ∀Nj=1∀Lk=1 : 0 ≤ αjk ≤ C,
L∑
k=1

N∑
j=1

αjkYjk = 0, where Kkh(., .) is the

underlying kernel function. Our multi-task learning algorithm is able to handle the
visual similarity among the node classes using the same feature pool.

In our method, a regression model is trained using a tree-structure based feature-
label selection algorithm, which is then used for annotating test images. This means
that we have to consider a weight for each node in the tree structure. We can introduce
the group LASSO [65] into our algorithm, since we also have M subsets which can be
considered as M positive definite matrices. The group LASSO estimate is defined as
the solution to:

min
βk
{P

L∑
k=1

N∑
j=1

ξjk + β1

L∑
k=1

‖Vk‖2 + β2‖Wc‖2}+ λ
M∑
j=1

√
dj‖βkj‖2 (4.4)

where λ > 0 is the regularization parameter.

4.2.4 Weighting the nodes in thetree structure

Since we have solved the first part of (4.2) [88], we can now explore the regression
part in (4.2.3). As we have a tree structure representing the correlations between the
labels, we compute the hierarchical relationships between the nodes. With the tree
structure constructed, each node will output the probabilities of the prediction labels
for a testing image. Fig. 4.2 illustrates the construction of a 6-layer graph. Suppose
that l1, l2, · · · , ln form the label set of all the training images, where each of the labels
form a leaf node in the tree structure. Putting the leaf nodes in the first layer (i.e. Layer

0) of the tree structure, we denote Φlayer−0 = {v1, v2, · · · , vn} where vt represents the
tth node in Layer 0 of the tree structure. For the Layer 1, Layer 3, and Layer 5, we
have:

Φlayer−1 = {vn+1, vn+2, · · · , vn+l′},

Φlayer−3 = {vn+l′+1, vn+l′+2, · · · , vn+l′′},

Φlayer−5 = {vn+l′′+1}, (4.5)

where l′ and l” represent the number of nodes in Layer 1 and Layer 3, respectively.
As Layer 2 and Layer 4 are treated differently from Layer 1, Layer 3 and Layer
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5, we call these two layers the extra branches. The corresponding extended nodes are
distributed on these two branches. Similarly, we have

Φlayer−2 = {ve1 , ve2 , ..., veα},

Φlayer−4 = {ve′1 , ve′2 , ..., ve′β}, (4.6)

where α and β represent the number of nodes in Layer 2 and Layer 5, respectively.
In Fig. 4.2, it seems that there is no difference between the normal layers and the

extra branches. However, in our algorithm, they are located at different levels in the
hierarchy. Motivated by the book “thinking, fast and slow” [90], authored by a Nobel
Prize winner, we devise a framework to deal with the annotation problem like humans
do. This means that we classify the label-dictionary into 2 clusters. One contains sim-
ple words which do not require much thinking, while the other one contains complex
or abstract words that need more thought. For example, when humans need to solve
the annotation work, we can label a picture having an “apple” in it in no time. How-
ever, if the ground-truth label of a picture is either “Africa” or “Tropical”, we need to
think it over before we decide its labels. It is reasonable for our system to treat these
two clusters separately: one cluster contains simple, basic words, while the other con-
tains complex, abstract words. Then, different weighting factors are assigned to these
nodes, so we can treat the different words unequally

Following [89], given an arbitrary tree Tr, each node v ∈ V of the tree Tr is
associated with the group Gv whose members consist of all of the output variables (or
the leaf nodes) in the subtree rooted at node v. We recursively apply the operations
below, starting from the root node and moving towards the leaf nodes, as follows:

∑
k

∑
v∈Φ

wv
∥∥βkGv∥∥2

= λ
∑
k

Wk(vroot), (4.7)

where Wk(v) = sv ·
∑

c∈Childen(v)

|Wk(c)|+ gv ·
∥∥βkGv∥∥2

if v is an internal node, and

Wk(v) =
∑

m∈Gv

∣∣βkm∣∣ if v is a leaf node.

Specifically, sv and gv are associated with the internal node and the extended node,
respectively, in the tree Tr. Moreover, sv represents the weight for selecting the labels
associated with each of the children nodes v individually, and gv represents the weight
for selecting them jointly. βkGv is a vector of regression coefficients {βkσ : σ ∈ Gv}.
Each group of regression coecients βkGv is weighted withwv, which reflects the strength
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of the correlation within that group.
Different to the common trees, there are extra branches in our proposed structure.

Thus, the weighting factors for these extended nodes are also considered, as follows:

Wk(v) = sv ·
∑

c∈Childen(v)

|Wk(c)|+ ρgv ·
∥∥βkGv∥∥2

, (4.8)

where ρ is the Memory Sharing Factor in our algorithm. This means that we have
weighting factors from internal nodes to extended nodes. In other words, we share the
memory from several simple words to a complex word. Then, we have the relationship
between wv and (sv, gv) as follows:

wv =


gv Π

m∈Ancestors(v)
sm, if v is an internal node

ρgv Π
m∈Ancestors(v)

sm, if v is an extended node

Π
m∈Ancestors(v)

sm, if v is a leaf node

(4.9)

As proved in [89], for each of the kth outputs, the sum of the weights wv for all the
nodes v ∈ V in Tr whose group Gv contains the kth output as a member equals one.
In other words, we have:

∑
v:k∈Gv

wv = Π
m∈Ancestors(vk)

sm+
∑

l∈Ancestors(vk)

gl Π
m∈Ancestors(vk)

sm

+
∑

l′∈Ancestors(vk)

ρgl′ Π
m∈Ancestors(vk)

sm = 1
(4.10)

Equation 4.10 states that the sum of the weights over all of the groups that contain
the given output variable is always one. After selecting the weights for our nodes in
the tree, we can solve (4.4) using a multi-label boosting method [91].

The proposed framework aims to construct a node-based classifier in the first stage.
Our tree divides labels into different categories by means of internal nodes and ex-
tended nodes. Different weights giving to different clusters of labels make our system
treat simple words and complex words differently. To the best of our knowledge, this
work is the first to solve image annotation based on 2 layers of thinking, with the
help of a tree structure. Experiments, analyses and experiment results are given in the
following Section.
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4.3 Experiments and results for this part
Besides the three databases (i.e. Corel 5K, Corel 30K and ESP game dataset) used
in chapter3, we add NUS-Wide dataset in this work, which has 269,648 images and
the associated tags from Flickr, with a total number of 5,018 unique tags. Since the
images and tags are downloaded from websites, NUS-Wide is a real-life image dataset.
We choose 1,000 common labels and randomly sampled about 25,000 related images
from the NUS-Wide. Features incorporated in this experiment follow the same setting
in chapter 3.

4.3.1 Results based on the Corel 5k dataset

Fig. 4.3 shows the relative performances of the above six types of feature pool used
for classifying the class labels. For each feature pool, the number of class labels that
can be best classified is measured. It can be observed that the different feature pools
have different performances in the various node classes, which means that we can
identify and use the most suitable feature pool for each single node in this step. We
also believe that the same feature pool can best be used to describe a number of label
classes. Combining the features may not always increase the performance of image-
classification tasks; in some situations, combining a large number of features may
cause the problem of redundancy and lead to a decreased performance. Therefore,
rather than combing the features, our algorithm finds the most suitable feature type for
each single node.

After identifying the most suitable feature pool for each single node, we have to
explore the tree structure used in the next step for label prediction. Fig. 4.4 shows the
performance of our learning framework with and without using the tree structure.

Table 4.1 shows the performances of our proposed method versus some state-of-
the-art methods. Three performance indices are measured: the mean precision rate
(P%), the mean recall rate (R%), and the number of total keywords recalled (N+),
respectively. Our method outperforms all the other methods in terms of the mean
precision rate, which is the most important measurement. Our method also achieves
a better performance than most of the other methods in terms of the mean recall rate.
Although the recall of HPM is slightly better than ours, it is unfair to compare ours
directly to those methods using already-known labels. Nevertheless, our method is
still better in terms of other performance indices.

The tree structure has hierarchical relationships among the nodes. Our system
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Figure 4.3: The number of class labels which results in the best performance based on
the same feature-pool type.

Figure 4.4: Percentages of the testing images that can be annotated correctly by at
least one word among the top n words using our proposed learning framework, with
and without using the tree structure.

treats the different labels (simple or complex) in their own ways. With the help of
the tree structure, the normal layers and extra branches are weighted differently. Fig.
4.5 shows the performance with and without using the tree, as a trade-off between
precision and recall for this dataset.

We also control the number of layers in our tree structure, which may affect the
performance. Our tree consists of label pairs and label triplets placed at different
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Table 4.1: Performances based on the Corel5K dataset for some existing methods and
our proposed method.

Methods P% R% N+

MBRM [18] 24 25 122
SML [10] 23 29 137
JEC [65] 27 32 139

LASSO [65] 24 29 127
TagProp [63] 33 42 160

HPM(with prior knowledge) [81] 33 47 162
HPM(without prior knowledge)[81] 25 28 136

LFA [70] 31 40 151
Proposed Method 36 44 165

Figure 4.5: Precision-recall plots generated by varying the number of keywords as-
signed to an image with and without using the tree structure.

layers. Table 4.2 shows the results of our tree structure with (WI) and without (WO)
including label triplets. The most important factor of performance, i.e. mean precision
rate, is given.

We also analyze the complexity of our annotation algorithms. We assume that
there are D training images, and that each image is represented by a R-dimensional
visual feature vector. The complexity of MBRM [18] is O(DR), while SML [10]has
the complexity ofO(TR), where T is the number of semantic classes. TagProp, which
can achieve a good performance, has the same time complexity as MBRM, since it is
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Table 4.2: Performance of our algorithm on Corel5K with and without including label-
triplets

WO label-triplets WI label-triplets
Mean precision rate (P%) 32 36

based on the KNN-based model. The framework in [70] filters most of the irrelevant
labels, resulting in a reduction of complexity by almost 20% compared to SML. Since
the method proposed in this paper is also based on feature-pool selection, with the help
of the tree structure, the complexity of our method is about O(TNR), where TN is
the number of nodes in the tree structure. Fig. 4.6 presents the per-image annotation
time required by each of the methods on the Corel dataset as a function ofD. The time
complexity of our method is acceptable, and our performance is the best among all the
methods.

Figure 4.6: Comparison of the time complexity for annotating a test image on Corel
5K.

4.3.2 Results for the Corel 30K dataset and ESP game
dataset

In this section, larger dataset is used to evaluate the performance of our framework.
We follow the same procedure as in [81]: we choose only those words that are used



68CHAPTER 4. IMPROVED IMAGE ANNOTATION SYSTEM WITH TREE-STRUCTURE

Table 4.3: Performance Comparison on the Corel 30K Dataset.

Methods SML HPM,
Given 0

HPM,
Given 1

LFA Prop.Work

Avg. Prec. 0.12 0.10 0.16 0.13 0.17
Avg. Recall 0.21 0.19 0.31 0.24 0.33

Rate+ 44.63% 46.21% 55.71% 49.89% 57.13%

as labels for more than 10 images in Corel 30K to form the semantic vocabulary. The
average number of labels per image is about 3.6. To evaluate our method for large-
scale annotation tasks, we compare the performance of our algorithm with HPM [10],
SML [81], and our previous work on the Corel 30K dataset. The results are tabulated
in Table 4.3. We can see that our proposed method is better and that its performance
is very promising.

Fig. 4.7 shows the precision and recall rates when the annotation length changes
from 1 to 10 on the Corel 30K dataset. Table 4.4 shows some predicted labels on
the Corel 30K database, as well as the corresponding ground-truth, on the Corel 30K
database. These incorrect predicted labels are in italics. Table 4.5 compares the per-
formances of the different methods in terms of precision, recall and number of recalled
keywords. The results show our method always achieves better results on ESP Game
dataset.

(a) Precision (b) Recall

Figure 4.7: Performance of our proposed method based on a test set of 1500 tags.
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Table 4.4: Predicted labels versus ground-truth (the differences are marked in italics)
on Corel 30K

4.3.3 Results on the NUS-Wide dataset

The NUS-WIDE dataset is a huge dataset which consists of 269,648 images. In this
experiment, we choose 1,000 common labels, and randomly sample about 25,000 re-
lated images from the NUS-Wide. Since many baseline methods cannot be applied
to such a large dataset, we show only the results for TagProp, HPM, and our pro-
posed method. The average precision and recall for the first 5 and 10 returned tags,
respectively, for the NUS-Wide dataset are shown in Table 4.6. We can observe that
our proposed framework outperforms most of other methods on this huge dataset. Al-
though HPM (given 2) has a slightly better performance than ours, our performance is
promising without the help of any prior knowledge (i.e. labels already known).
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Table 4.5: Performance Comparison on the ESP Game Dataset.

Method JEC TagProp AICDM LFA Prop.Work
[65] [63] [82] [70]

Avg. Prec. 0.22 0.39 0.24 0.35 0.44
Avg. Recall 0.25 0.27 0.26 0.25 0.30

N+ 224 239 231 228 261

Table 4.6: Average Precision and Recall on the NUS-Wide Dataset.

TagProp HPM(given 0) HPM(given 2) Proposed
AP@5(%) 292.5 192.0 331.4 311.2
AR@5(%) 381.6 252.4 412.1 391.0
AP@10(%) 212.2 131.5 241.7 231.8
AR@10(%) 411.8 291.0 441.3 421.3

4.3.4 Summary of this part

In this chapter, we present a new hierarchical model for efficient image annotation,
which employs an adaptive learning algorithm to select an optimal feature subset for
each label. A tree structure is constructed using our proposed Associate Memory Shar-
ing (AMS) algorithm, and a regression model is trained using the tree structure based
on our proposed feature-label-selection algorithm. Making use of the tree, the relation-
ships among the labels are considered, which can highly improve the performance of
our multi-task learning algorithm. Our model treats simple words and complex words
separately by assigning different weights to different clusters of labels. Imitating the
thinking of human beings in a simple way, our system can alleviate the semantic-gap
problem. Our proposed method works well on all four well-known datasets in terms
of annotation benchmarking. The experiment results of our framework have shown
promising performance, and that it can achieve both efficiency and accuracy in image
annotation.



Chapter 5 An improved learning model
with ambiguous words

The semantic-gap problem always degrades the performance of the image-to-word
mapping for image annotation, which is an important task for image understanding
and retrieval. Current, efficient learning algorithms cannot solve this problem satis-
factorily because: (1) there is a lack of coincidence between the low-level features
extracted from visual data and the high-level information translated by humans, and
(2) an ambiguous word may lead to a wrong interpretation between low-level and high-
level information. In this chapter, we propose a discriminative model with a ranking
function that optimizes the cost between a target word and the corresponding images,
while simultaneously discovering the disambiguated senses of those words that are
optimal for supervised tasks.

5.1 Related work
Recent annotation frameworks can be grouped based on three types of models: gen-
erative models, discriminative models, and nearest-neighbor-based models. Since dis-
criminative models [61][62] can generally yield a superior performance to generative
models in some respects, we therefore emphasize discriminative models in this chapter.
Discriminative models aim to learn a separate classifier for each single label, and use
the classifier to decide whether or not a query image belongs to that class. However,
if a label (word) has ambiguous senses, the large variations between related training
samples will degrade the annotation performance.

Although many queries might be considered to have a single sense only in terms
of their dictionary definition, they can actually have several senses in terms of images.
Fig. 5.1 shows two different images which are annotated with the same word “Ap-
ple”. This means that the label “Apple” has ambiguous senses. Despite the tasks of
word-sense disambiguation having been well studied in the field of natural language
processing, the problem of polysemy with images has been widely recognized as a
difficulty for image-understanding systems. Recently, several methods have been pro-

71
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posed for word-sense disambiguation using text and images jointly. Loeff et al. [92]
performed spectral clustering in both the text and the image domains, and evaluated
how well the clusters match different senses. Saenko et al. [93] indicated that the
method in [92] failed to give a sense label to images. Wan et al. [94] made use of
the knowledge from the Internet to find the senses of a word. Then, LDA was used to
explore latent visual topics and to learn a model of the wiki-senses in the latent space.
Barnard et al. [95] proposed to model the joint probability of words and image regions,
which requires prior segmentation. However, in this chapter, we simply divide images
into 5 sub-windows in our algorithm, rather than performing segmentation.

Figure 5.1: Different images annotated by the same word.

In this chapter, we propose a method to learn a discriminative model using knowl-
edge of the KNN-based distance measurement for image annotation. At the same
time, we aim to discover the disambiguated senses of the word that are optimal for
supervised learning tasks. After that, we will learn a ranking function for each specific
sense, as well as a combined ranking function for each single class (word).

5.2 Model parameterization
Following our previous work described in Chapter 3, we divide each image instance
into 5 patches (including 2×2 non-overlapping windows and the window at the image
center, all of the same size). Then, we embed the patches of the training samples into a
hypergraph [12], and find the exemplars of each class by solving the graph. After that,
we compute the feature difference between the training samples and the exemplars,
and formalize the similarity vector. Finally, we define a ranking function for every
sense of every single class under the assumption that each single class has several
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senses.
Since we assume that each class label has several senses, we need to learn a ranking

function for each sense. Thus, we have

ft,s(x, i) = wt,s ·∆x,i, (5.1)

where x is an input image, wt,s are the parameters of the model, ∆x,i is the feature
difference between the image x and the ith exemplar, and s is the sth sense of the class
label t. The ranking function returns a real-valued output that measures the degree of
matching between the label t and the image-feature difference ∆x,i, where a large value
means a better match. Since we use feature difference ∆ instead of image features, we
can obtain the ranking function for an input image simply using a maximal function as
follows:

ft,s(x) = max
i
ft,s(x, i). (5.2)

After we have found the most suitable exemplar for the sth sense of label c, we can
combine those scores to produce the overall relevance match, which is independent of
the senses, i.e.

ft(x) = max
s∈S(t)

ft,s(x) = max
s∈S(t)

(max
i

(wt,s ·∆x,i)). (5.3)

Since we do not know how many senses S(t) for each class, we can use the cross-
validation method to find the optimal number for each class label t. Moreover, we
do not know which sense should be related to an image. We can solve this problem
by fixing the number of senses and setting a margin M between the score of positive
samples and negative samples, as follows:

max
s∈s(t)

ft,s(x
+) > max

s∈s(t)
ft,s(x

−) +M. (5.4)

Since M can be a small value, in this work we set M = 0.5 empirically. After
that, we have converted the problem of Equation 5.2 into an optimization problem as
follows:
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min
∑

t,x+∈χ+
t ,x
−∈χ−t

ξ(t, x+, x−)

subject to

max
s∈s(t)

ft,s(x
+) > max

s∈s(t)
ft,s(x

−) +M − ξ(t, x+, x−)

∀t, x+ ∈ χ+
t , x

− ∈ χ−t , ||wt,s|| ≤ C;∀t, s, ξ(t, x+, x−) ≥ 0. (5.5)

We introduce the slack variables ξ , which measure the ranking error in this model.
We have also added a constraint C to regularize the weighting parameter. Since dif-
ferent class labels have different numbers of senses, we can learn the parameters in-
dependently for each label t. In the next section, we will introduce the learning of the
weighting parameter wt,s.

5.3 Learning senses for ambiguous words
Algorithm 1 shown below describes the details of our learning algorithm. With the
positive samples, our exemplar can make the feature difference small; with the negative
samples, the same exemplar can make the feature difference large. This makes our
training samples much purer than using simple features only. When we learn the
weighting parameters, we use a classifier to output the score of each patch of a query
image with respect to the exemplars of the corresponding class. Then, the scores
of the 5 patches of the query image are added to form the total score. Finally, we
choose 5 and 10 classes with the highest scores, and select the labels of these classes
as the final labels of the query image. Our model explores the different senses for
ambiguous words, which helps to narrow the gap between high-level information and
low-level features. We will describe the experiments for evaluating the performance
of our proposed method, and show the experiment results in the next section.

5.4 Experiments and results
Two benchmark image databases were used in our experiments. The first database used
is Corel 5K, which contains 5,000 images comprising 4,500 training samples and 500
testing samples. Each image in the dataset is annotated with about 3.5 keywords on
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Algorithm 1 Senses-Discovering Algorithm
1: for each label t do
2: Inpute: training data with labels and corresponding exemplars for each label,

x+ ∈ χ+
t , x

− ∈ χ−t , exemplars of label t : I te.
3: Initialize the weights wt,s, randomly with zero mean and standard deviation for

all the labels t and s.
4: for each s(t)(s(t) = 1, · · · , 5) do
5: Pick a positive sample x+ randonly and all exemplars of the corresponding

label t, find the exemplar i which makes max
i
ft,s(x, i).

6: Pick a positive example x+ randonly and compute the ∆−vectors between
x+ and the exemplar i.

7: Let s+ = arg max
s∈S(t)

(wt,s ·∆x+,i).

8: Pick a negative example x− randomly and compute the ∆−vectors between
x− and the exemplar i.

9: Let s− = arg max
s∈S(t)

(wt,s ·∆x−,i).

10: if ft,s(∆x+) < ft,s(∆x−) + 0.5 then
11: Select a gradient step to minimize |0.5− ft,s(∆x+) + ft,s(∆x−)|+, i.e: Let

Wt,s+ ← Wt,s+ + λ∆x+ . Let Wt,s− ← Wt,s− − λ∆x− .
12: Project the weights to enforce the constraints:||Wt,s|| ≤ C.
13: for s′ ∈ {s+, s−} do
14: if ||Wt,s′ || > C then
15: Let Wt,s′ ← CWt,s′/||Wt,s′||.
16: end if
17: end for
18: end if
19: Until validation error does not decrease.
20: end for
21: Output final model with best validation error.
22: end for

average, and the dictionary has a total of 374 words or labels. The other dataset used is
Corel 30K, which is similar to Corel 5K except that it is substantially larger, containing
31,695 images and 5,587 words or labels. We use the same feature descriptors as in
our pervious work described in Chapter 3.

To make a fair comparison with other state-of-the-art methods, we choose precision
and recall as our evaluation criteria. The precision rate and recall rate for each test
image are measured by comparing the annotated results to the ground-truth, and then
the average precision and recall of all the test images are computed to form the final
results. In addition to the mean precision rates (P%) and the mean recall rates (R%),
the number of total keywords recalled (N+) is also used as a performance index.
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Since the number of senses is unknown for each class, we have to learn the optimal
number for the different classes. Fig. 5.2 shows the percentage of classes choosing the
respective optimal numbers (i.e. 1, 2, 3, 4, or 5). This also means that when an optimal
number is chosen, the discriminative classifier of the corresponding class achieves the
best performance.

Figure 5.2: Percentage of classes achieving the best performance with a different num-
ber of senses (k = 1, 2, 3, 4, and 5).

With the help of the ambiguous words, our new model discovers different senses
for each class label. Fig. 5.3 shows the performance of our proposed method with
and without considering the senses of the words, as a trade-off between precision and
recall for the datasets.

Figure 5.3: Precision-recall plots generated by varying the number of keywords as-
signed to images with different numbers of senses and without considering senses.

Table 5.1 shows the performance of our proposed method versus some state-of-
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Table 5.1: Performances based on the Corel5K dataset for some existing methods and
our proposed method.

Methods P% R% N+

MBRM[18] 24 25 122
SML [10] 23 29 137

TGLM [80] 25 29 131
JEC [65] 27 32 139

LASSO[65] 24 29 127
TagProp[63] 33 42 160

Our previous work [74] 32 38 151
Proposed 35 43 164

the-art methods . Having discovered the different senses for each ambiguous word,
we can find an obvious improvement in all the three measurements compared with our
previous work and the other state-of-the-art methods.

A larger dataset is also used to evaluate the performance of our framework. We
follow the same procedure as in [81]: we choose only those words that are used as
labels for more than 10 images in the Corel 30K dataset to form the semantic vocab-
ulary. The average number of labels per image is about 3.6. To evaluate our method
for large-scale annotation tasks, we compare our algorithm’s performance with HPM
[81], SML [10], and our previous work. The results are tabulated in Table 5.1. We can
see that our proposed method outperforms most of the other methods. Although HPM
(Given 1) is slightly better than ours, our performance is promising without the help
of any prior knowledge (i.e. labels already known).

5.5 Short summary
In this chapter, we have presented an idea for learning a discriminative classifier for
each single label, which simultaneously explores different senses for each label. With
our proposed method, we have answered the question raised in this chapter: are am-
biguous words helpful in the image-understanding systems? Our discriminative model,
with a ranking function, optimizes the problem, and solves it. We have conducted com-
prehensive experiments to evaluate the performance of our proposed method, and to
compare it to other state-of-the-art methods. Experiment results show that our method
can achieve a promising performance, even when the dataset size is large.
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Chapter 6 Conclusion and future work
In this thesis, we have firstly reviewed a number of approaches and techniques for
the image-annotation task, which has attracted increasing attention rapidly in recent
years. Most of these models or methods fail to achieve a good performance when they
face an increasing number of image collections, with a dictionary that covers a large
number of potential semantics. We have also discussed some feature descriptors that
are commonly used in the image-annotation framework. From Chapter 3 to Chapter
5, we presented several new algorithms and techniques devised for image annotation
with large-scale datasets. In this final chapter, we summarize the main contributions of
this research, and discuss some possible future research directions based on the works
presented in the previous chapters.

6.1 Summary and conclusions
Although automatic image annotation is a relatively new field of research, a lot of
efforts have already been devoted by researchers to advance the technology. Most of
them aim to narrow down the semantic gap, which is mainly caused by lack of obvious
consistency between the low level features extracted from images and the high-level
labels defined by humans. Utilizing different computer-vision techniques, which ex-
plore low-level image descriptors for describing and comparing image content, they
have built solid foundation of research in automatic image annotation. The choice
of extracting efficient features has a large influence on the performance of an auto-
annotation system. In Chapter 2, we have overviewed different feature descriptors
which are suitable for the image-annotation framework. Color, shape and texture are
three traditional features, each of which can be computed in various ways. Besides
directly extracting features from the whole images, we have also introduced an effi-
cient image-segmentation technique. After segmenting images into regions, we can
obtain region-based features, which may be more suitable for learning the discrimi-
native classifier for a single semantic label. Moreover, The SIFT is also a commonly
used local descriptor, which is robust and popular for describing salient, stable regions.

Different from the traditional computer-vision techniques, the work in this thesis
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put emphasis on the structure and relationship of the labels themselves. In Chapter 3,
we have introduced a simple label-filtering algorithm, which can remove most of the ir-
relevant labels for a query image. Although it is an exploration of relationships among
the labels, we make use of statistical data and the prior knowledge of the dataset, and
also consider the mapping between the features and labels by incorporating the simple
k nearest- neighbor classifiers. With a small population of potential labels left after
the filtering process, a feature-pool selection algorithm is designed for the next step.
In other words, specific and effective features will be selected for each class to form a
label-specific classifier. In this way, we formalize the annotation task as a discrimina-
tive classification problem. Our algorithm performs well in all the datasets used in our
experiments, and can achieve efficiency and accuracy simultaneously.

In order to further exploit the correlations between the class labels, we have also
devised a method called Associative Memory Sharing (AMS) in Chapter 4, which
classifies image labels into different levels in a hierarchy, according to their level of
abstraction. In this proposed method, a tree structure is constructed in the learning
framework. By distributing the labels on the trees, we can extract the corresponding
image features relating to each node in the constructed hierarchical graph. We can
then efficiently learn the node-based classifiers rather than the classifiers of each label.
When we come to the problem of weighting the nodes in the tree structure, we devise a
learning algorithm to handle labels in a human way. After dividing labels into different
categories in terms of internal nodes and extended nodes as we have defined previously,
we assign different weights to different clusters of labels. This makes our system treat
simple and complex words differently. Experiments results at the end of Chapter 4
show that our proposed framework can achieve a promising performance compared
with the-state-of-the-art methods.

In addition to the in-depth study of the relationship and structure among the la-
bels, we have also conducted research on considering individual labels. The images
annotated by the same word may differ a lot in a database or different databases. In
other words, a label (word) may have ambiguous senses, which can degrade the an-
notation performance due to the great variations between the related training samples.
In Chapter 5, we have made use of ambiguous words to improve the image-annotation
performance. Specifically, we have introduced a discriminative model that optimizes
the cost between a target word and the corresponding images, while discovering the
disambiguated senses of those words that are optimal for supervised learning tasks at
the same time. In this way, we can achieve better experiments results by mining the
different senses of labels.
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In this thesis, we aim to handle large-scale image-annotation problem. When fac-
ing an increasing number of image collections, with a dictionary that covers a large
number of potential semantics, most of the-state-of-the-art methods fail to achieve ac-
ceptable performance. Even the most complex machine-learning algorithms can help
a little only in narrowing down the semantic gap. Our proposed works make use of
machine-learning models. More importantly, we have explored the essence of high-
level semantic information itself. We have benefited from the high-level concepts, by
means of organizing the labels and mining the deeper information from them. We
have also proved that our research has boosted the performance of image-annotation
systems when we incorporate a label structure into those advanced machine-learning
algorithms.

6.2 The new contributions in this thesis
In this thesis, we have made a number of new contributions to the research community
of automatic image annotation, as well as image classification. In the following, we
summarize the novelties associated with our new contributions:

• The label-filtering algorithm (LFA) is designed for a large number of photos
accompanied by an even larger number of labels. Based on LFA, our two-stage
image-annotation system achieves both efficiency and accuracy.

• Our feature-selection-based algorithm considers feature-pool instead of using
traditional features. Under the assumption that high-level semantic concepts can
be reflected in a pool of low-level features, i.e. the color, texture, and shape
descriptors, we have proved that our algorithm of feature-pool selection succeed
in training an accurate and efficient image classifier.

• A hierarchical framework, which mimics humans for handling tags, has been
proposed. A tree structure is constructed using our Associative Memory Sharing
method. To the best of our knowledge, this work is the first trial to treat simple
words and complex words separately; we realize this idea by assigning different
weights to the nodes of the tree constructed.

• A model for exploring different meanings of ambiguous words has been devised.
Discovering the disambiguated senses of those words can boost the performance
of image-annotation systems.
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6.3 Future work
This thesis has presented a number of new ideas and techniques, which are just a
snapshot of our on-going research undertaken in the research of automatic image an-
notation. In this section, some directions for possible future research will be discussed.

To continue our research, we will conduct research on semi-supervision of label
learning. Usually, only a very small number of training samples available are labeled,
while most of them are unlabeled. If we can make good use of the information from
the labeled data, the prediction for the unlabeled images will become more efficient
and accurate. Furthermore, we will explore efficient features for large-scale image
annotation systems. Since we have to handle a huge number of images nowadays,
finding efficient features will help improve the performances of the image-annotation
systems. Then, we will also analyze and compare different models, which can help to
determine a good mapping between our efficient features and the semantic labels.

Finally, automatic image annotation is really a very challenging problem that needs
the incorporation of different techniques from different disciplines so as to use image
annotation in real-world applications.
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