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ABSTRACT

DESIGN AND IMPLEMENTATION OF A NOVEL VISUAL
ANALYSIS SYSTEM FOR IMAGE CLASIFFICATION

Altintakan, Umit Litfii
PhD., Department of Computer Engineering
Supervisor: Prof.Dr. Adnan Yazici

October 2013, 117 pages

Possibilities offered by the technology to create, share and disseminate image and video data
have resulted in a rapid increase in the available visual data. However, the data is useless
unless it is effectively accessed, which necessitates the semantic analysis of visual data. In
this dissertation, we present a novel visual analysis system along with its application to
image classification problem. We aim to address the challenges in the area originated from
the semantic gap, and to facilitate the research efforts in the extraction of high-level semantic
information from images. Our system differs from existing works, and contributes to the area
in several aspects: A complete visual analysis system in an integrated architecture, a novel
fuzzy learning approach in classifier training, a unique feature weighting scheme, a
probabilistic classification method, a new high-level classifier fusion, and a new bag-of-
words model are some of the key contributions introduced in this dissertation. The
experiments conducted on benchmark datasets have shown that our approaches can
significantly improve the performance in image classification.

Keywords: Image Classification, Self-Organizing Maps, Fuzzy SVM, Classifier Fusion,
Bag-Of-Words.
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RESIM SINIFLANDIRMA ICIN YENI BiR GORSEL ANALIZ
SISTEM TASARIM VE UYGULAMASI

Altintakan, Umit Litfii
Doktora, Bilgisayar Miihendisligi Bolimii
Tez Yoneticisi: Prof.Dr. Adnan Yazici

Ekim 2013, 117 sayfa

Teknolojinin sundugu imkéanlar sayesinde resim ve video verisi liretimi, paylagimi ve yayimi
mevcut gorsel verinin ¢ok hizli artmasini saglamistir. Ancak, mevcut veri, etkin erigim
imkénlart sunulmamasi durumunda kullanilamaz olmaktadir ki, bu da gorsel verinin
mantiksal analizini zorunlu kilmaktadir. Bu doktora tezinde, yeni bir gorsel analiz sistemi ve
bunun resim verilerinin smiflandirilmast problemine uygulanmas: sunulmaktadir. Biz bu
caligma ile aragtirma alaninda mantiksal bosluktan kaynaklanan problemlere ¢6ziim bulmak
ve resimlerden yliksek-diizeyde anlamsal bilgi ¢ikarim galigmalarina katki saglamayi
amaglamaktayiz. Bizim sistemimiz mevcut ¢aligmalardan farkli olup, arastirma alanina pek
¢ok acidan katkr saglamaktadir: Entegre edilmis yeni bir gorsel analiz sistemi, siniflandirici
Ogretiminde yeni bir bulanik 6grenme metodu, yeni bir st diizey fiizyon ve yeni bir BOW
modeli, bu tez ile ortaya konan katkilardan bazilaridir. Ortak veri setleri iizerinde yapilan
testler, bizim yaklagimlarimizin resim smiflandirmasinda Onemli performans artisi
sagladigini géstermektedir.

Anahtar Kelimeler: Resim Smiflandirma, Oz-Diizenleyici Haritalar, Bulanik Vektor Destek
Makinesi, Smiflandiric1 Flizyonu, Kelimeler Kiimesi.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Possibilities offered by the technology to create, share and disseminate image and video data
have resulted in a rapid increase in the available multimedia collections. For example, the
Flickr system is reported to host more than 6 billion images as of August 2011 [1], and more
than 200.000 videos are uploaded to YouTube per day [2]. However, the huge amount of
available multimedia data is useless unless it is effectively accessed, which necessitates
semantic analysis of the visual data.

Some of the potential multimedia applications that would be enabled by the semantic

analysis of visual data can be as follows:

e Surveillance and security systems: For example, the determination of unattended luggage
in public areas, such as airports, or identifying abnormal events in surveillance videos
requires semantic-enabled multimedia applications.

e Multimedia Search and Retrieval: Querying the massive amounts of multimedia requires
accessing the results by issuing semantic keywords or high-level concepts. A sample
query, for instance ‘retrieve the videos of car accidents from yesterday’s news videos’,
can only be accessible if the available multimedia data is indexed at semantic level.

e Medical image analysis.

e Object detection: Along with the presence or absence of a particular object, detecting
object boundaries is also important, and has many potential applications, such as motion
tracking and event detection in videos.

e Image Annotation: Automatic annotation of images is a critical process to effectively
retrieve and filter the visual content available in internet or personal libraries, which can
only be met by providing extracting high-level semantics in images.

1.2 Objective

The aim of this thesis is to design and develop a visual analysis system for the extraction of
high-level semantic information from visual data, and to contribute the research in image
analysis by addressing major problems in the field. In this thesis, we are particularly
interested in image classification problem, which is also known as high-level feature
extraction or image indexing in the literature.

We approach the image classification as a supervised learning problem: given a set of
training image along with semantic labels associated to them, we construct binary image
classifiers using the low-level features extracted from the training data, and utilize these
classifiers to predict the presence or absence of a learned class in test images. We aim to



contribute in developing reliable and effective multimedia applications by introducing some
theoretical and algorithmic basis for extracting semantic information from visual data.

1.3 Challenge

The greatest challenge in the research area is the semantic gap [3, 4], which can be described
as ‘the lack of coincidence between the information that one can extract from the digital data
and the interpretation that same data has for a user in a given situation’ [5]. The gap basically
emphasizes the difficulty in obtaining the high-level semantic information by using the
automatically extracted low-level visual features in multimedia domain.

Different lighting conditions, views and positions in image and video files along with
geometrical properties are some of the challenges in the research field. Moreover, starting
from the extraction of low-level visual features, the analysis visual data requires
computationally intensive processes, which makes is also a problem in developing effective
multimedia applications for most of the real-world problems.

1.4 Contributions
We consider the followings are some of the key contributions in this dissertation.
e An Effective Visual Classification Approach: We have designed a complete image

analysis system within an integrated framework by introducing some novel methods in
different tasks such as low-level processing, feature weighting, classifier learning, and so
on. The system differs from the previous works in many ways, and contributes to the
area in obtaining the high-level semantic information in visual data.

e Fuzzy Learning in SVM: In order to increase the learning capacity of classifiers, we
perform a fuzzy training approach in the classifier learning phase. More specifically, we
reduce the effect of noisy regions in images by assigning some membership degrees
prior to the classifier learning in training process.

e A New Membership Calculation Method for High-Dimensional Spaces: The existing
membership calculation methods are inapplicable to the complex visual features, which
are ranging from tens to several hundreds in dimensions. We introduce a new method in
evaluating the membership degrees of low-level features by using neural network
approaches to map the high-dimensional visual features on 2-D output spaces.

e Low-level Feature Modeling: We build a number of semantic models utilizing the
feature vectors of training data, and exploit them in several computations, which is a key
factor in developing our visual analysis system. The computation of membership
degrees in classifier training, the calculation of feature weights, and the generation of

codebooks are some of the examples of them.



e Low-level Feature Weighting: We present a new approach in feature weighting through
applying information entropy measures, which are utilized as the trust level of the
classifiers during the high-level classifier fusion process.

e Probabilistic Classifications: We perform a probabilistic classification model in the
learning phase, which enables not only the binary classification results but also the
strength of the classification. The probabilistic classification results are utilized as the
confidence degrees, and used in the combination of single classifiers.

e High-level Classifier Fusion: The outputs generated by individual classifiers are
combined by applying a novel fusion method based on the Dempster Shafer combination
rule [6]. This process exploits the classifiers as main information sources, and utilizes
three different parameters to obtain an optimal combination: 1) the binary classification
decisions, 2) the confidence degrees in classifications, and 3) the feature weights.

e A New Codebook Generation Method In BOW: The codebook generation is a key factor
in developing effective visual classification systems that perform the Bag-of-Words
(BOW) model [7]. We introduce a new method to generate the visual-words in the
codebook generation phase, which produces better class vocabularies than classical
approaches.

e Utilization of Distinctive Local Features in BOW: We also work on the utilization of
scale-invariant local features [8] throughout the dissertation, and present a new method
to determine the distinctive SIFT features in BOW model. This approach provides an
increase in the image classification performance, and has the potential to develop

efficient real-world applications by reducing the total number of local features.

1.5 Publications

The fuzzy learning approach presented in Chapter 4, and its application to image
classification was presented in IEEE Int. Conf. on Fuzzy Systems (FUZZ-IEEE 2012). A
journal version of the approach along with its effects on the classifier fusion described in
Chapter 5 was sent to the Imaging Science Journal (SCI Journal) on April 2012, and still
under review.

The application of the DS theory to classifier combination, and the utilization of the
probabilities in SVM classification (Chapter 5) is submitted to the 2nd Int. Conf. on
Computing and Comp. Vis. (ICCCV 2013), and accepted. Finally, the use of distinctive
SIFT features along with a new codebook generation method in BOW presented in Chapter 6
is sent to IEEE Trans. on Multimedia on September 2013, and under review.



1.6 Thesis Outline
The rest of the dissertation is organized as follows:

Chapter 2 introduces the background information and related work in the literature by
reviewing some of the major works done in image analysis.

Chapter 3 presents the system architecture of our classification system: major tasks
performed in the system from a functional point of view, low-level feature processes and
feature modeling are explained, respectively.

Chapter 4 focuses mainly on the classifier learning phase of the system. First, we
summarize the SVM theory briefly, and then present the fuzzy extension in SVM
learning. Next, some of the previous approaches for membership calculations are
introduced. Finally, our membership calculation method along with its application to
image classification is described in this chapter.

Chapter 5 presents the classifier fusion process, in which we utilize the Dempster-Shafer
(DS) Evidence Theory [9] in combining the classifier results. The chapter presents the
basics of the DS theory, the feature weighting process, and the probabilistic
classification method. Finally, the chapter concludes with the application of the DS
combination rule to our classification system.

Chapter 6 presents the use of SOM neural networks in the generation of codebooks in
BOW model. We investigate the SIFT method separately in this chapter, and employ
different classification techniques in BOW including Naive Bayesian, k-NN and linear
SVM classifications. We also introduce the determination of the distinctive SIFT points
in this chapter.

Chapter 7 presents the experiments conducted on benchmark datasets comprehensively.
We analyze the effect of the methods introduced in this dissertation by performing a
number of experiments. We examine the followings in this chapter: 1) the effect of the
fuzzy learning approach in SVM, 2) different fusion methods including the DS
combination, along with the effect of feature weighting, 3) the analysis of the BOW
model on different classifications methods. The chapter concludes with the overall
evaluation of the methods introduce in this dissertation, and compares the classification
results with the state-of-art works using the same datasets.

Chapter 8 concludes the dissertation, and presents the future work.



CHAPTER 2

BACKGROUND INFORMATION AND RELATED WORK

The importance of high-level feature extraction from visual data has drawn much attention
from the research community over the years. A fundamental requirement in building
effective multimedia systems for various application domains and different purposes requires
extraction of high-level semantic information from visual data. This requirement can only be
met by providing semantic-based models that produce high-level interpretations using a
number of low-level attributes extracted from multimedia content [10].

The main focus in early approaches is basically on the content-based image retrieval (CBIR)
[11], in which a user employs a sample query by entering a query image or a part of it. The
general approach in CBIR systems is to access the visual data primarily using the low-level
attributes extracted from the input query, and to find the similar images from the available
multimedia collection that best match the extracted features. Some CBIR systems also
support text-based or primitive feature-based (color, shape etc.) queries, but they provide
limited or unsatisfactory results since the computations are solely performed using the
signal-level attributes, which do not encapsulate high-level semantic interpretations [12, 13].

Instead of accessing the visual content using low-level attributes, one often requires more
effective methods that enable high-level query searching capabilities in multimedia
applications. To illustrate, for example, a semantic-enabled query can be: “find the scenes of
sport videos that include scores”. These queries often require significant amount of
reasoning as well as extracting high-level semantic information included in the visual data.
However, the state-of-art methods in image processing provide limited functionalities that
are mainly domain-dependent, which are far from realizing the access to visual data at
semantic levels. The major challenge in the area, as stated earlier, is the semantic gap
between the low-level attributes that can be extracted automatically from images, and their
high-level interpretations in different context [3].

Recent approaches in image analysis have been shifted from content-based methods to
semantic-enabled systems, in which complex classification schemes along with various
system architectures are introduced [14]. For example, different video indexing systems is
presented for automatic indexing of videos in [15]. The authors mainly focus on three
problems in the indexing problem: 1) what to index in terms of granularity, 2) how to index
in terms of the modalities, and 3) which index in terms of the type of the index used for
labeling. The proposed solutions to these problems are: 1) indexing can be applied to the
entire document or to single frames in video files, 2) the different modalities of video can be
considered, such as visual, auditory or textual, and 3) the index terms is defined by using



some high-level abstractions in video, such as the names of the players or time dependent
positions in soccer video. A probabilistic framework for semantic indexing video shots is
presented in [16], which aims to the low-level media features to some high-level labels by
relating the semantic concepts and their co-occurrences along with some temporal
dependencies occur in semantic concepts.

In this chapter, we first provide some background information related for the implementation
of the visual analysis system, and then present a comprehensive review of the previous
works in image analysis literature.

2.1 Background Information

2.1.1 MPEG-7 Overview

MPEG, formally named Multimedia Content Description Interface, is developed by the
Moving Pictures Expert Group (MPEG), a working group of ISO/IEC [17]. Unlike the
preceding MPEG standards, the MPEG-7 aims to provide a rich set of standardized tools to
describe the multimedia content [18].

The MPEG-7 standard provides a set of description tools, which consist of descriptors,
description schemes, and a description definition language along with some system tools to
operate on these descriptions. The descriptors represent the features or attributes in
multimedia data such as the color, texture, textual annotation and media formats. The
description schemes specify the structure and the relationships between the components,
which can be either descriptors or other description schemes. The description definition
language is an XML-based schema to define or extend the available descriptors and
description schemes. The top-level class hierarchy of the MPEG-7 standard used to define
multimedia content is shown in Figure 2.1.
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There are four different feature types in the visual part of the MPEG-7 standard, which are
color, texture, motion, and shape based. Table 2.1 shows the MPEG-7 visual descriptors and
the corresponding feature types accordingly.

The definitions of the features used are as follows:

Dominant Color Descriptor (DC): The DC feature represents the most
representative colors in an image or image region. This descriptor includes
information about the representative colors, their percentages, spatial coherency of
the color, and color variance.

Table 2.1: Visual features and corresponding descriptors

Type Feature Descriptor

Visual Color Dominant Color

Scalable Color
Color Layout
Color Structure
GoFGoPColor

Texture Homogeneous Texture
Texture Browsing
Edge Histogram

Shape Region Shape
Contour Shape
Shape 3D

Motion Camera Motion
Motion Trajectory
Parametric Motion

Motion Activity

Color Layout Descriptor (CL):The CL feature characterizes the spatial distribution
of colors within an image [19]. The color information of image is divided into 8x8
blocks, and in each block the dominant colors are found using the YCbCr color
system. Then, a discrete cosine transform is applied on the dominant color of each
channel, where the coefficients of the transform are used as descriptors.

Color Structure Descriptor (CST): The CST feature is a generalization of the color
histogram that captures the spatial characteristics of the color distribution in an
image. A structuring element of rectangular shape (8x8) is slided over the image,
and the number of positions that an element contains each particular color is
recorded, and used as the descriptor.



e Scalable Color Descriptor (SC): The SC feature is a color histogram in hue-
saturation-value (HSV) color space. In order to reduce the number of bins in the
original histogram, a Haar transform encoding is used. The possible descriptor sizes
are 16, 32, 64, or 128 bins [19, 20].

e Edge Histogram Descriptor (EH): The EH feature represents the spatial distribution
of five edges in image: four directional edges, and one non-directional edge. The
amount of the vertical, horizontal, 45 degree, 135 degree and non-directional edges
is calculated in 16 sub-images in an image, and at the end a 80-dim vector is
generated [20].

e Homogeneous Texture Descriptor (HT): The HT feature is extracted by applying a
Gabor filter [20] in 6 frequencies in 5 different orientation channels, and represents a
region’s texture in terms of local spatial frequency statistics. At the end, the energy
and energy deviation in each channel results in a 62-dim feature vector for the
descriptor representation.

e Region Shape Descriptor (RS): The RS feature is defined by the Angular Radial
Transform [20], which captures the distribution of all pixels within an image region
through decomposing the shape into a number of orthogonal 2-d basis functions.

e Contour Shape Descriptor (CS): The CS feature uses Curvature Scale-Space
representation, and mainly represents the characteristic shapes of an object or image
region based on its contour [20].

In the implementation of our visual analysis system, we mainly work on 2-D colored images,
and hence we use a subset of the descriptors shown in Table 2.1. The detailed information
about the extracted MPEG-7 descriptors along with their utilization in the scope of the
dissertation is given in Chapter 3 and Chapter 7, respectively.

2.1.2 Data Sets

Having a common multimedia dataset is a basic requirement to facilitate the evaluations in
semantic multimedia researches since mainly for determining a common platform in
evaluations. In order to compare the proposed methods, a number of datasets for different
application domain and purposes are provided in image analysis. These datasets are usually
divided into training and test sets, and used in semantic modeling and evaluation tasks
respectively. This section briefly introduces some of the existing multimedia datasets along
with the main usage areas.

The TREC Video Retrieval Evaluation (TRECVID) is organized by the National Institute of
Standards and Technology, and is a major video retrieval benchmarking platform for the
semantic analysis of video data [21]. The data is ranging from documentaries, films,
educational material to multi-lingual broadcast news. Semantic annotation of the data is not
provided by the organizers, but some researchers create data annotations and these are
distributed amongst the participants. The dataset is available only to participants and
renewed each year. The competitions may be changed in years.



One common benchmark dataset, which is also publicly available, is PASCAL Visual Object
Classes (VOC) challenge. It has been organized annually from 2005 to present for visual
object classification and detection tasks. The dataset provides a standard set of images along
with standard annotations. The two major tasks in the VOC challenge are: 1) classification,
which is the process of predicting the presence or absence of an object class in test images,
and 2) detection, which aims to get the bounding boxes of each object in images [22].

The Caltech 101 and Caltech 256 datasets contain images of 101 and 256 image categories,
respectively. They are generated primarily for the object recognition evaluations, in which
only a single object is included in each image in the datasets. Since they include relatively
small number of training images compared to other collections, and the image collections are
not natural, these datasets are not ideal for making comparisons, in general.

Another video dataset framework to automatically detect 101 semantic concepts in video is
presented in [10], which contains a multimedia archive of 85 hours of broadcast news. The
aim in this work is to organize for evaluating the performances of different approaches in
semantic video analysis and to give insight the intermediate steps in video indexing by
providing a common framework for the evaluation and repeatability of the experiments. The
authors have manually labeled the ground truths at shot level using over hundred semantic
concepts, and also provide the archive with a baseline implementation methods including a
visual-only, textual-only, early fusion, late fusion and combined analysis in the framework.

The LabelMe dataset [23] at MIT is similar to VOC challenge, and contains general
photographs that contain multiple objects. The dataset has been formed by providing a web-
based annotation interface, and encouraging the users to contribute and share their
annotations. For the most part the dataset is incompletely labeled, and the users are free to
choose which objects to annotate. Hence, dataset is unsuitable for strict testing and
comparison.

A recently produced data set is the Lotus Hill collection [24], which contains annotations in
a hierarchical decomposition of individual objects. But, only a limited number of images are
available to researches and not too much work has been reported on it yet.

2.1.3 Evaluation Metrics in Image Classifications

Classifiers are trained on finite training datasets, and have to be tested against a different set
of data for performance evaluations. One of the important properties in classifier learning is
the generalization capacity, since learning the training data too precisely, i.e. over-fitting,
results in problems during the classification of new data. Different data learning schemes in
classifier training is shown in Figure 2.2.

There are mainly two general terms that are used to evaluate the classifier performances:
accuracy, which is the percentage of correct classifications, and error rate, which is the
percentage of misclassifications.



Figure 2.2 Learning training data.

However, these two terms are not useful in many classification problems since they give
equal costs to correct and incorrect classification results, which is not realistic for most of the
real-world problems.
Figure 2.3 depicts possible classification results in a classification problem [25]:
e True Negative (TN): The samples that are correctly evaluated as negative class,
e True Positive (TP): The samples that are correctly evaluated as positive class,
o False Negative (FN): The samples that are incorrectly evaluated as negative class, also
alled as misses or Type-I1I errors.
o False Positive (FP): The samples that are incorrectly evaluated as positive class, also
called as false alarms or Type-I errors.

Predicted

negative positive
n %)
- TN FP
E 80 (correct rejections)  (false alarms or
g = Type-I errors)
L <
o g N TP
2 = (misses or Type-II .
3) 8 (hits)
< =3 errors)

Figure 2.3 Classifier confusion matrix.

Using the-above mentioned, the following metrics can be used to evaluate the classifiers
performances in the literature [25]:
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TN +TP

e Accuracy =
All
e True positive rate, Recall, Sensitivity = ——
FN +TP
. ) i TP
e Precision, Predicted positive value = ———
FP+TP

As mentioned previously, these metrics also give equal costs to correct and incorrect
predictions in evaluations, which is not realistic in real-world applications. For instance, the
cost of missing an air missile (FN) in case of an actual attack is much higher than the cost of
false alarm (FP).

Another problem that needs to be considered in evaluating classifiers is the rate of positive
and negative samples in training set, which is also called as the unbalanced data problem.
For instance, in medical diagnosis, the rate of healthy cases is much higher than the patients
that carry disease. In this kind of classifications, a classifier that predicts the healthy patients
with 99% accuracy can be useless, since is more significant to detect the unhealthy patients.

In order to eliminate the above-mentioned two performance evaluation problems in image
analysis, another classifier evaluation metric called Receiver Operating Characteristic (ROC)
is defined in the literature [26]. The ROC curve characterizes the degree of overlap of classes
for a single feature and the comparison of classifiers is based on different thresholds or
operating points.

The Average Precision (AP) is another classifier evaluation metric, which is is defined as the
mean precision at a set of equally spaced recall levels [27]. The AP summarizes the shape of
the precision/recall curve; more information about the AP is given during the comparison of
classifiers in Chapter 7.

2.2 Related Work

In this section, we review some of the existing works and state-of-the-art approaches in
image analysis. In order to clarify the major works done and present a better understanding
of the existing methods, we review the related work into three different titles as follows: 1)
the learning methods and applications in visual analysis, 2) existing frameworks in visual
analysis, and 3) the fusion techniques in the area, respectively.

2.2.1 Learning Methods in Visual Analysis
In the literature, a number of machine learning techniques have been used to build high-level
classifiers in the scope of visual analysis [28]. The methods can be grouped into two major
categories according to the learning strategies used:
e Discriminative methods: The most predominant learning technique used in this
category is Support Vector Machines (SVMs) [29]. The SVM is applied widely in
different classification problems including image analysis has the high
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generalization ability along with a better performance in pattern recognition
problems, and also applied extensively in image analysis [28] . Apart from the SVM;
k-NN classification [30], neural networks [31, 32], decision trees [32, 33] are
frequently applied methods in discriminative learning.

e Generative models: This approach attempts to model the probability distributions
mainly using Bayesian inference. The training data is used to learn the estimates of
probability distributions, and unseen data is classified according to the calculated
probability distributions applying Bayes rule [34]. Some popular methods in this
category are Gaussian [35], Naive Bayes [36], Mixtures of Experts [37], and Hidden
Markov Models [38].

Different classification methods, including SVM, multi-layer perceptron network, the KNN
classifier, a neural network, and a fuzzy neural network in image retrieval is analyzed in
[26]. Each method’s performance is analyzed using precision-recall scores, and at the end,
the fuzzy neural network and SVM are shown to produce better classification results against
other methods. In another work, optimization of SVMs in order to enable an improved video
retrieval system is presented in [39], in which several SVM models using different learning
parameters, such as feature selection, instance selection, and kernel parameter settings are
investigated by performing Genetic Algorithm on classifier outputs.

The radial basis function networks, SVMs, naive Bayes, and decision trees are compared on
three different image collections: medical, texture and natural images in [69]. The authors
investigated the classification performances of the learning methods using four semantic
classes for retrieving the visual data using the content information. The first three methods
produce similar performance results with different computational complexities, and the last
one output the poorest results in classification tasks.

A multi-layered SOM learning system is presented using a content based image retrieval
approach designed for image browsing in [74]. The authors implement a two-layered SOM
network design in order to reduce the final learning error in SOM. The first layer uses the
color attributes in HSV color space, and the second layer uses the weights of first layer in
which a re-learning is performed to reduce the learning error in image browsing applications.

The utilization of fuzzy rules is rarely applied in semantic analysis of visual data in the
literature. The learning of fuzzy rules based on SVM is proposed in [56, 57], in which the
authors perform SVM learning along with a fuzzy algorithm to extract linguistic fuzzy rules
using MPEG-7 color and texture descriptors in beach/urban scene classification.

A fuzzy learning system by utilizing fuzzy clustering on SVM results for improving the
generalization performance in human skin color segmentation is presented in [58]. The fuzzy
if-then rules are constructed by using fuzzy singletons, and applied for skin color
segmentation problem in the paper. The scaled hue and saturation values are exploited in
classifier training, and the approach is shown to produce better results in image segmentation
problems.
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A fuzzy support vector machine (FSVM) is introduced in [53], which defines a membership
calculation method to classify the images that cannot be classified correctly using typical
SVM learning technique. The fuzzy machine produces the same results as the normal
machine in the classifiable regions, however for the incorrectly classified regions; the fuzzy
SVM performs better results than the classical method. An application of the proposed
method is presented in [54], in which the beast cancer detection is investigated in medical
image analysis using both SVM and fuzzy SVMs.

Another classification approach utilizing fuzzy SVM is applied to high-resolution remote
sensing images in [55]. The authors propose a fuzzy membership method using the scale of a
sample and the distance of a training sample to its class center along with their relative
positions. The fuzzy method reduces the impact of the non-critical image regions in learning
the classifiers in training data.

2.2.2 Existing Visual Analysis Systems

Representation of images at region level is a widely used approach in semantic analysis of
visual data since this method is close to human perception [45]. The main idea behind the
region-based approach is to work on the important regions instead of processing the entire
image. First, the salient areas are determined through applying an initial pre-processing step,
and then the following computations are performed using only the regions that include
important objects. In this section, we present some of the existing visual analysis systems
and major works in image analysis.

An automatic image annotation system for CBIR applications is introduced in [31], in which
the images are represented as sequences of feature vectors applying a HMM approach.
Another region-based classification system, which performs a maximum probability search,
is presented in [32]. The work is performed by training a set of semantic classes using HMM
on the low-level features extracted from TRECVID archive.

Automatic image annotation is proposed as a solution for semantic image retrieval by some
works [35-36]. A multi-layer system for annotating natural scene images is presented in [35]
by utilizing the salient objects in images. The SVM is employed for learning the semantic
concepts, and for finding the optimal parameters in SVM an expectation maximization
method is used in the proposed system. Another work for automatic annotation of images is
proposed by [36], in which both content- and concept-level annotations of natural scenes by
using the salient objects and the relevant semantic labels. Given an input image, first the
salient objects such as “rock” or “sky” are detected, and then a semantic concept modeling is
performed to get the overall annotations related to the image scene.

A hybrid learning system for image classification by utilizing decision trees along with
association rule mining is presented in [33]. In the paper, first a virtual semantic ontology is
constructed to map the objects into semantic classes, and then each image is divided into
several sub-images by extracting the objects inside images. The virtual code of each object is
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used for association mining during the evaluation phase in the proposed system architecture.

A hierarchical region-based image retrieval approach is presented by Sun and Ozawa in [40]
based on wavelet transform. The retrieval starts with an initial segmentation of images in the
low frequency band, and then the boundaries between the segmented regions are used to
improve the region-based retrieval of images. The proposed method also presents a tradeoff
between the retrieval effectiveness and the efficiency in image retrieval problems.

Semantic analysis of images through a knowledge-assisted approach utilizing different
learning techniques are presented in [41]. The following four learning techniques are
investigated in the paper: SVMs, Self-Organizing Maps, Genetic Algorithm and Particle
Swarm Optimization [42]. The low-level descriptors extracted from the initially segmented
image regions are utilized in classifier training in each method, and then the classifiers are
applied to evaluate the test regions with a predefined semantic label. An evaluation
framework is developed in order to compare the classifier performances in each technique
performing several experiments along with combined use of models such as GA with PSO,
or SVM with SOM. The results show that the individual classification performance can be
increased by using combined classification schemes.

There are also some works on utilizing the contextual knowledge such as the size, position or
relative locations of objects in an image. The context can also help to achieve reasoning on
unseen data, and improve the semantic extraction process in visual analysis. For example, an
approach to also include the contextual features during the image annotation is presented in
[43], and each pixel in an image is assigned to one of a finite set of labels by using multi-
scale conditional random fields.

In the literature, there are also some researches that make use of the semantic concept
hierarchies in terms of ontologies in order to improve the image annotation task. The use of
semantic ontologies in describing visual content helps in providing well-structured
information, and improves the retrieval accuracy in general. A review of the recent works
towards the use of semantic hierarchies and ontologies in the field of image analysis is
presented in [44].

A survey related to the semantic-based image retrieval is presented by Liu et al. in [45]. The
authors categorize the efforts in narrowing the semantic gap problem into five major areas:
1) the use of object ontologies in terms of high-level class definitions, 2) the use of machine
learning methods to associate the low-level features by query concepts, 3) the use of
relevance feedback to obtain user intention, 4) the generation of semantic templates for high-
level image retrieval, and 5) the combination of evidences related to the visual data for
internet-based image retrieval in web.

2.2.3 Fusion Methods

The fusion process can be applied at different levels in image classification: One general
approach is to perform the fusion on low-level features, which is known as the feature fusion
or early fusion approach. Another fusion strategy is classifier fusion or late fusion, which
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takes place on classifier outputs. In this section, we provide some basic works regarding to
the combination of semantic classifiers in the scope of visual analysis.

An early fusion approach is employed utilizing different learning techniques to combine the
MPEG-7 descriptors in a content based image retrieval system [46]. First, an SVM classifier
is trained on a feature vector that is formed by merging the individual MPEG-7 descriptors.
Secondly, a back-propagation feed-forward neural network is trained on the low-level
features of two images, and then a k-nearest neighbor classifier is used to evaluate the fusion.
Finally, a fuzzy neural network is applied performing fuzzy rules. The experimental results
show that, the back-propagation fusion has the best performance over other methods in early
fusion.

A video indexing system based on combination of low-level descriptors is presented in [47].
The effect of performing fusion at different levels, such as using low-level features or
classifier results, is exploited in the paper, and a system without any fusion also is compared
against a system including static feature fusion. Another work on content-based video
indexing by using MPEG-7 visual features is proposed in [48]. Combination of individual
classifiers within a neural network environment is presented, in which the information
entropy is used to analyze the weights of classifiers trained on different features. A popular
clustering algorithm, k-means, is initially applied on the low-level features, and then the
features are mapped to weight vectors using the distances among the samples and cluster
centers. Finally, a neural network based fusion algorithm is performed for weighting the
features.

An adaptive boosting method for combining multiple classifiers is introduced in [49], in
which the AdaBoost algorithm [50] is trained using the classifier errors in the initial
evaluations. The proposed approach modifies the original AdaBoost so that the diversity
between different classifier combinations is. The classifier combination producing higher
diversity is used as kernel in the algorithm, and at the end an efficient combination is
achieved.

A semantic concept extraction method employing static and dynamic feature fusion for the
classification of soccer games using dimensionality reduction is presented in [51]. In order to
reduce the redundancy along with the ambiguity among the low-level features, an early
fusion scheme is performed in two ways. First, the features are merged into a feature vector
using simple static operators such as concatenation and average. Secondly, a dimensionality
reduction algorithm is applied to represent the data optimally. The model performs well in
certain semantic concepts, such as close up action, zoom on player, and center view in soccer
videos.

Another approach is used for ensemble learning of single classifiers using information

entropy measures in [52]. The relationship between classification accuracy and entropy is
attained by applying a genetic algorithm that uses the accuracy as cost function [53]. The
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majority voting is used to aggregate the individual classifier results, in which 120 ensemble
classifiers are trained and the optimal 21 are selected for a final decision in the algorithm.

2.2.4 Summary

Apart from the aforementioned works, there are various approaches in achieving intelligent
visual analysis systems in extracting high-level semantic interpretations in different
application areas, such as scene classification, object detection and content based image
retrieval are the most active ones.

Although there are several methods in different frameworks in the literature, the following
steps are almost always performed in the semantic analysis of multimedia applications:

1) Syntactic analysis: This stage includes the representation of multimedia content,
partitioning the visual content into meaningful parts such as shots, key frames,
segments etc., and then a signal-level processing on them to obtain low-level features.
This step can be grouped into two categories: the unimodal approaches that process
different multimedia modalities independently, and the multimodal approaches that
combine them in comprehensive ways [32].

2) Classifier Learning: This stage includes the processing of previously extracted low-
level features by performing machine learning techniques to build semantic concept
models. The data is usually divided into the training and test sets, in which the
learning process is performed using the former set and the evaluations are applied on
the latter. Different learning techniques can be applied in various architectures [28],
but mostly they are far from providing unsatisfactory results in the classification of
visual data [41].

3) Domain Knowledge: This step is performed by the approaches, which exploit domain
information to utilize domain-specific representations [54] and rules [32].
Exploitation of domain knowledge usually improves the classification performance
for detecting certain classes, but they have limited extensibility to other domains.
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CHAPTER 3

VISUAL ANALYSIS SYSTEM

In this dissertation, we present a complete visual analysis system for the semantic analysis of
visual data. Our system includes a number of novel approaches in bridging the semantic gap,
and addresses some of the major challenges in the field by providing domain-independent
methods. The general architecture of our system is shown in Figure 3.1. In order to enable
better semantic representations of images, starting from the initial extraction of low-level
features, we introduce a number of novel methods in different layers in the implementation
of the system shown in Figure 3.1.

There are major differences between our visual analysis system and existing works, and
some of the distinguished aspects introduced by our system can be listed as follows: First of
all, an original system architecture is designed within a completely integrated framework for
semantic analysis of visual data. Secondly, a fuzzy learning approach for high-dimensional
feature spaces is introduced in classifier SVM training, which has not been investigated
before. Thirdly, a unique feature weighting is used by examining the distributions of low-
level visual features onto class-based trained SOM networks, which is mainly used to
determine the confidence level of SVMs during the classifier combination process. Finally, a
new high-level classifier fusion is implemented using the binary classification results
obtained from the SVM classifiers along with the classification confidences. The DS theory
is exploited in the combination of single classifier results, in which the basic probability
assignments of information sources are computed individually in each classification process
utilizing a probabilistic SVM evaluation method [55].

This chapter is organized as follows: Section 3.1 introduces the architecture of the visual
analysis system in a functional point of view including the descriptions of core processes
along with their relations to other tasks in the system. Section 3.2 provides the low-level
computations performed on visual data, which applies both to both training and test images.
Finally, Section 3.3 describes the construction and utilization of SOMs in the system with
some illustrative examples.

3.1 The System Architecture

The visual analysis system depicted in Figure 3.1 includes several steps, and to give a better
understanding of the system we group these steps into four core layers in a functional point
of view in Figure 3.2. We refer each layer as a module or process block hereafter, the tasks
performed in each layer along with the relations among them are explained in this section.
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Figure 3.1 General architecture of the visual analysis system.
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1. Low-level Processing Layer: The first layer covers basically the low-level computations
performed on the images in training and test collections. This layer has a number of
individual steps, which are performed sequentially and applied differently on training and
test phases.

The low-level computations performed on training images are as follows: 1) we apply an
initial segmentation algorithm on the training images, and at the end each image is
partitioned into a set of non-overlapping regions, 2) in annotation process, we assign
keyword labels to each image region that contains a semantic entity, 3) the final step applied
to training images is feature extraction, in which the low-level features are populated from
the regions that is annotated before.

The low-level processes applied to test images are simple, we apply the feature extraction
step directly on the image and the visual features of the test image are populated. As
mentioned previously, these processes are applied both in training and test phases with minor
differences, which are explained in Section 3.3 of the chapter.

2. Feature Modeling Layer: The second layer of our system analyzes the extracted visual
features mainly utilizing neural networks. The tasks in this layer include the computations
for modeling the low-level features extracted from the images of training set. The aim of
establishing modeling in low-level feature space is to recognize the common patterns of the
visual features, which are extracted from semantically similar regions from training data.

Contrary to the previous module, which both applies to training and test images; this layer
deals only with the training. The SOM neural network [56] forms basis for the computations
performed in this layer as follows:

e First, we group the low-level features according to their class labels, and then,
perform SOM trainings by utilizing the low-level features individually. In this step,
we build a separate SOM network for each image class and feature type by using the
features extracted from corresponding image regions in training set.

e Once the SOMs are formed, we utilize them in the following two tasks: 1) to
compute the membership degree of training data prior to the SVM training, and 2) to
analyze the distribution of the low-level visual features on SOM output spaces for
calculating the feature weights, which are used in the fusion process.

This module plays a key role in the implementation of the concept detection system, which
forms the basis for two important contributions of this thesis:

e Membership Calculation: The membership detection process is used to determine
the importance of the training samples during the classification task. This method
improves the learning capacity of the typical SVM classifiers by decreasing the
effects of noisy data in training collection. The details are explained in Chapter 4.

e Feature Weighting: The feature weighting process investigates the effectiveness of a
low-level feature for a class. The basic idea behind weighting features is that some
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3.

features are more powerful in learning certain concepts than others. In order to determine
the significance of a visual feature, we perform a feature weighting process in our visual
analysis system. The computations are performed by analyzing the distributions of the
low-level features on class-based trained SOMs. The best-matching-unit histograms in
SOM mapping are used to calculate the weights. The details of the feature weighting
approach are provided in Chapter 5.

Learning and Classification Layer: This layer has two functions that both applies to

training and test data, respectively.

4.

SVM Learning: We use one of the state-of-art machine learning algorithms as the
classification method in our visual analysis system. The SVM is one of the most
popular learning techniques with extensive applications in various classification
problems, including image analysis [6, 54, 57, 58]. Using the training features, we
build binary SVM classifiers for each feature type and semantic class under the one-
against-all approach [59]. At the end, each SVM is trained using a different feature
types and becomes an expert of one semantic class. Hence, each SVM can classify
between the positive and negative samples of one class.

The training process applied in the dissertation differs from the previous approaches
in that before starting the training process of SVM classifiers, we initially assign
membership degrees to low-level features in training set. The training samples are
treated according to their membership degrees, and the approach improves the
overall learning capacity of the SVM by reducing the negative effects of noise data
during the classification process. The theory of SVM along with a fuzzy approach in
SVM learning is explained more detailed in Chapter 4.

Binary Classification: Secondly, in the classification step of this layer, we input the
low-level features extracted from test images, and obtain the binary classification
results along with the probability estimates in each classification. In this step, each
SVM is run individually according to the feature type, i.e. the SVM that is trained
for that feature type. Each SVM provides two outputs at the end of the classification
process: the binary decision given by the SVM, and the probability estimates, which
are calculated using the value in SVM decision function. Both values are utilized in
the fusion step. More information on these steps is given in Chapter 5.

Fusion Layer: The fourth and final layer in our visual analysis system is the Fusion

Layer, which combines the results of binary classifiers into a final decision. As can be seen
in Figure 3.2, the fusion process uses the following parameters: the feature weights obtained

in Feature Modeling Layer, the binary classification results and probability estimates of the

Learning and Classification Layer.

We apply a modified version of the DS combination rule [9] in the fusion step. In this
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combination scheme, we use the single SVM classifiers as experts or evidence providers, the
feature weights as trust level of the experts, and the probability estimates in classifications as
confidence levels. We exploit the individual classifier confidences along with the feature
weights in each combination, and this enables an optimum combination during the
combination of classifiers.

3.2 The Low-level Processing Layer

The extraction of low-level features from input images data forms the initial steps in the
overall classification system. The computations performed in the Low-level Processing
Layer are shown in Figure 3.3. The purpose of this layer is to perform low-level
computations on training and test images, and extract the low-level visual features from
them. These features are used to represent the color, shape and texture attributes of the
images. In this section, we describe the following steps, respectively: 1) Segmentation, 2)
Annotation, and 3) Feature Extraction.

Training - - Feature Training
\:jgf_\ o — Extraction Features
Test Feature
Imgs Extraction ITe

Figure 3.3 Low-level processes performed in the system.

3.2.1 Segmentation

Image segmentation is the process of portioning images into non-overlapping image regions,
which is an active research area in image processing and computer vision. The aim in
segmentation is to partition the image into homogeneous regions that have common
characteristics, which facilitates the further applications performed on the image. The
segmentation is used as a preliminary step in many image processing applications including
images and videos [60], face detection[61], content-based image retrieval [44], object
tracking [62], and so on.

We use the image segmentation step to identify the important image regions and to annotate
the training data, if it does not include annotations. Instead of building the classifiers on the
whole image data, we initially apply a segmentation process and determine the important
image regions such as an object or a part of a scene. We apply the segmentation step prior to
feature extraction and thus the classifier learning and low-level feature modeling layers are
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directly affected by the segmentation method. The segmentation process enables to eliminate
the irrelevant image regions during the computations, which both reduces the size of input
data in computations and gives more robust learning methods.

This initial segmentation of images helps to achieve better feature representations, which
eventually improve the overall concept detection since the features are extracted locally from
the segmented regions that contain perceptually dominant areas of images.

There are several image segmentation techniques that can be grouped into two main
approaches: pixel-based local methods [63], and region-based global methods [64, 65]. In
our classification system, we apply the JSEG segmentation algorithm [60], which carries out
the segmentation task in two independent steps: color quantization, and spatial segmentation.
In the first step, a color quantization is performed in color space to differentiate the regions
of the image without considering any spatial distributions. Each pixel in an image is
represented by its color class, and the pixels are replaced by their corresponding color
classes, which forms a class-map of the image. In the second part of the segmentation
process, a spatial segmentation is performed on this class-map without considering the
pixels’ color similarities. The class-map of each color region is called a J-image in the
algorithm [60], which represents the edges and the textures of the input image. Final image
segments are determined by performing a region growing method on the J-images. A sample
image and its regions after the JSEG method is applied are shown in Figure 3.4.

Figure 3.4 A sample image and regions after JSEG segmentation.

3.2.2 Annotation

Image annotation, specifically automatic annotation of images [66], is an active research area
in several image processing applications [31, 67], which also requires the extraction of high-
level semantic features from images. However, we do not interest in the automatic
annotation of the images in this study. The aim of the annotation step is to assign high-level
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semantic descriptions to image regions and eliminate the irrelevant image parts in feature
extraction process so that the quality of the extracted descriptors can be improved during the
implementation of classifiers.

Annotation can be performed automatically, semi-automatically or manually in general, but
the manual annotation achieves the highest accuracy concerning the descriptions of
semantics. As a consequence we choose a manual annotation approach in system
implementation, although it is the most time consuming type of annotation method.

There already exist some annotation tools for image processing, such as [68], which provides
a semi-automatic annotation tool for image and video files. There are also MPEG-7 based
annotation tools such as M-Ontomat-Annotizer [69], and IBM VideoAnnEx [70]. They both
aim to support automatic video shot detection and manual tagging of objects with bounding
boxes. However, the support for automatic or semi-automatic annotation of images is rather
poor in these tools, and the available tools have limited usability since they do not support
the annotation of image segments and bounding boxes at the same time.

In order to support the annotation and enable the labeling of the regions in training data, a
manual annotation tool is developed in the scope of this dissertation. This provides to assign
keyword annotations on the image segments which are generate by the previous image. The
tool uses the image regions, and corresponding segmentation masks generated in the
segmentation step. Then, it operates on each region independently, when a region is selected
by selecting a pixel inside a region, it is automatically labeled with the keyword, which
denotes the class label for the region and given as a parameter to the tool. The annotation
tool provides the annotation of more than one region at the same time, and it also enables to
select a bounding box to annotate a region. A sample image and annotation process is
presented in Figure 3.5.

O =)

File Edt WView Insert Tools Desitop Window Help

Dead& k|Re@s #0880

Figure 3.5 A sample run of the annotation tool.
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3.2.3 Feature Extraction

The third and final step in Low-level Processing Layer is the extraction of low-level visual
features from the annotated image regions. Feature extraction is the process of generating
low-level feature descriptors, which are directly used in various tasks such as classifier
training, feature weighting, and so on. Hence, the extraction and utilization of the low-level
features are the most critical steps in this layer and directly affects the performance of the
whole classification system. The end of the feature extraction step is a set of low-level image
features, i.e. feature vectors, which represent different attributes of the input images.

The low-level features used in the classification system are selected considering the
following properties:
1) The features that carry enough information to obtain high-level semantic information
in visual data,
2) The features that do not require any domain-specific knowledge,
3) The features that are easy to compute, and can be applicable to large image collections
efficiently,
4) The features that are most related to human perception system.

Based on these considerations, we select to use the color, shape and texture based features in
the implementation of our classification system, since these are the most closely related
visual features to human perception and are widely used in various image applications.
However, there is not a single and best representation of these features. In order to provide
standardized descriptions for multimedia data, the MPEG-7 standard [19] specifies a set of
descriptors by defining the syntax and semantics of low-level visual features as mentioned in
Chapter 2.

Although the MPEG-7 standard specifies different content descriptors for multimedia data,

only a part of them are applicable to 2-D images. Table 3.1 lists the available feature types,
and their applicability to different multimedia modalities [19].

Table 3.1: The MPEG-7 features and their usability.

Feature Audio Image Video
Color - X X
Shape - X X
Texture - X -
Motion - - X
Camera Motion - - X
Time X - X
Audio features - - X
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An evaluation of the MPEG-7 visual features is presented in [17]. The author analyses the
MPEG-7 descriptors from a statistical point of view to examine the quality of the MPEG-7
visual descriptors for content based image retrieval applications. In [17], analysis of eight
visual descriptors on three different media collections is presented including monochrome
texture-only, colored, and a set of synthetic images. The main results show that: 1) the best
descriptors are Color Layout, Dominant Color, Edge Histogram and Texture Browsing
considering the redundancy and sensitivity analysis of the descriptors, and the others are
highly dependent on them, 2) The color histograms (Color Structure and Scalable Color)
perform badly on monochrome data, and 3) The MPEG-7 descriptions can be augmented by
additional descriptors for better image representations.

3.3 The Feature Modeling Layer

There are a number of motivations to apply a modeling in low-level feature space before
applying the classifier learning and fusion steps. First of all, we exploit the large amount of
low-level features obtained from training data, to discover the intrinsic patterns in each class.
We use SOM for this task, which can be applied to view and cluster high-dimensional
feature vectors on 2-D spaces.

Secondly, once we obtain the common patterns by utilizing the training features, we can
evaluate the effect of each training vectors in classifier learning, since the training images
may contain noise and this affects the determination of optimum decision surface in SVM
learning [71]. Hence, we apply a fuzzy approach in classifier training, in which each
training data can contribute differently on the construction of the decision surface.

Thirdly, by distributing the low-level features extracted from image regions in training set,
we can examine the distributions of the low-level features over semantic concepts, and
analyze the randomness of the distributions on different SOM spaces. We exploit this
information to evaluate the relative importance of each low-level feature for image classes.

3.3.1 Self-Organizing Maps

The SOM [56, 72] is a fully connected two-layer neural network based on competitive
learning for exploring and clustering high-dimensional datasets. The SOM is trained in
unsupervised manner and provides an ordered map of input signals by examining the internal
structure of the input signals and coordinating the connections between the units.

A sample SOM is shown in Figure 3.6, in which a lattice of nodes and the neurons are placed
at them. Each neuron of SOM is fully connected to the input vectors and contains a weight
vector of the same dimensionality as the input space.

The SOM runs in two modes; training and mapping. In the training phase [73], the network
organizes itself using a large numbers of inputs and the map is constructed and in a
competitive process. Once a SOM is built, it can be used to map new input vectors of same
dimensionality [74].
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input vectors

Figure 3.6 A Sample SOM Network.

During the mapping phase, the input vectors are located on the map by finding the closest
SOM unit, which is also a classification of input vectors.

SOM training is a competitive and consists of the following steps:
1) Initialization: The weight vectors of all SOM neurons are initialized,
2) Sampling: A vector is chosen from the training data randomly,
3) Similarity matching: The SOM unit with the closest Euclidean distance to the selected
vector is chosen as the best-matching-unit (bmu),
4) Updating:

a.  The neurons that are neighbor to the BMU are found by performing an
exponentially decaying neighborhood function; the neighborhood radius shrinks
in following iterations,

b.  Each neighboring neuron’s weights, including the BMU, are adjusted to become
more like to the input vector. The farther away the neighbor is from the BMU,
the less its weights get altered ,

5) Continuation: The process is repeated several times until convergence of network. At
the end; each SOM unit is assigned a weight vector of the same dimensionality of the
input data.

In the mapping mode of the SOM, a new input vector is compared with every SOM unit and
the closest SOM unit to the input vector, i.e. the unit with minimum Euclidean distance, is
selected as the bmu for the input.

3.3.2 The construction and utilization of SOMs in visual analysis

In this dissertation, the SOM is primarily used as a tool to map the high-dimensional visual
features onto more compact spaces, and to represent the intrinsic patterns of semantic classes
by utilizing the SOM units as cluster centers.
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The SOM training and mapping has two important properties in these computations, which
are extensively exploited throughout this study in the classification of images [75]:

e Topology-preserving: The SOM mapping carries the topology information of the
input space, i.e. the elements that are near in the input space locates closely in the
output space, while distinct patterns are mapped on the distributed regions of the
map [76].

e Clustering of high-dimensional input sets: The SOM can also serve as a clustering
method for high-dimensional spaces [77]. As described in SOM training, the input
vector produces effect on the BMU and its neighboring units in each iteration, and
hence similar patterns produce a spatial ordering in the output map so that the units
that are close to each other form a cluster on the output map.

The SOM is used for the two core tasks throughout the dissertation (Figure 3.1): the
Membership Calculation, and Feature Entropy Analysis. The topology-preserving property
of the SOM forms the basis of the former task, where membership degree of a training
sample is computed by finding the distance of the sample to the corresponding SOM
structure. The latter task makes use of the clustering property of the SOM, which exploits the
distribution of feature vectors on concept-based SOMs. The details of the Membership
Calculation are provided in the next section while the feature weighting process based on
feature entropy is defined in Chapter 5.

For each image class and feature type we train a separate SOM as shown in Figure 3.7.

class-1
SOM
—> Trainin
class-2
I Feature || v T S.OM.
Extractio raining
Training
Set
SOM
Trainin
Low-level Class-based
Features SOMs

Figure 3.7 Construction of SOM networks.
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Figure 3.8 illustrates a more detailed view of the SOM construction process shown in Figure
3.7, at the end each SOM unit is assigned a weight vector the same as the input feature.
Figure 3.9 shows a sample mapping of the low-level features on a class-based trained SOM.

The SOM neural network forms the basis for several computations throughout the
implementation of the image classification system in this dissertation. The analysis of low-
level features for membership calculation and feature weighting are explained in Chapter 4
and Chapter 5 respectively. In Chapter 6, we investigate the generation of visual codebooks
by performing SOM clustering, and compare its effectiveness against other methods.

12 K
. N
N-dim. I:> SOM
feature Training
vector
N BN Y,
low-level visual features of a class A sample SOM network of size § = m*n
K = total number of training vectors . (each SOM has a weight vector the same as input feature)
Figure 3.8 SOM training for a sample class.
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Figure 3.9 The distributions of features on SOM space with bmu-hits.
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CHAPTER 4

LEARNING IN VISUAL ANALYSIS

The learning phase of our visual analysis system includes a number of sequential processes
within an integrated system architecture as described in Chapter 3. This chapter provides the
tasks applied in the classifier learning phase, and includes the membership calculations of
the low-level features in training set, and the construction of binary SVM classifiers.

There are two main tasks in the classifier learning process shown in Figure 4.1: 1)
Computation of Memberships, and 2) SVM Training. As can be seen in the functional view
of our classification system (Figure 3.2), these tasks are employed in different layers in the
system: the Feature Modeling and Learning Layers, respectively.

SoM Membership (" Membersiip

Networks Calculation Values

_——
- =

- y ‘I("mbc"ﬁh .rl f i S
-~ } 4 g

Valuwes
Training SVM SV
Features Training Classifiers

Figure 4.1 Classifier learning process.

The ultimate goal of the learning in visual analysis is to construct classifiers to evaluate the
presence or absence of semantic classes in unlabeled image collections. There are different
learning techniques using various frameworks 'n the literature, to obtain high-level semantics
from low-level visual features, as summarized in Chapter 2.

The Support Vector Machine (SVM), with high generalization ability and better performance
in pattern recognition, is a state-of-art classification technique with successful applications in
many real-world problems including image analysis [71, 78-80]. Although the SVM is very
effective in many classification problems, the method is far from providing adequate level of
accuracy in the extraction of high-level semantics from visual data due to the well-known
semantic gap problem [3, 5, 81].
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The SVM treats each training sample equally during the construction of its decision
boundaries (e.g. support vectors), which makes a major limitation in SVM is learning
especially if the training data includes noise. This drawback results in to generate poor
machines for visual classification problem since the low-level features extracted from
training images generally includes too much noise. In order to address this problem in SVM
training, we apply a fuzzy learning approach in our classification system through assigning
each training sample a fuzzy membership degree. The fuzzy approach in SVM training is
first introduced by Lin et al. to improve the SVM learning [82] by assigning membership
values to each training sample during the construction of SVM decision surface. This
approach reduces the effects of the outliers in training data. The success of the proposed
method depends highly on applying an appropriate membership function for the application
domain, and in the literature, although different membership functions are presented, they
are mostly designed for simple classification problems [80, 83, 84], and none are suitable for
the low-level visual features that have high-dimensional feature vectors.

In this dissertation, we propose a unique approach in classifier learning process by
introducing a new membership function based on SOM neural networks. The new approach
improves the learning capacity of the individual classifiers by reducing the effect of noise in
training images prior to the construction of classifiers. As described in Chapter 3, we build
class-based individual SOMs by utilizing only the low-level features extracted from
corresponding image classes. These SOMs are exploited to calculate the membership
degrees of the training samples by computing the distance of each training sample to its best-
matching-unit (bmu) on SOM.

On of the contributions of this thesis is to construct an enhanced learning approach in visual
analysis or classification of semantic classes by utilizing the fuzzy learning method in the
system, which has not been investigated before. Another major contribution in the field is the
presentation of a new membership function to calculate the membership degrees of high-
dimensional visual features. The proposed approach has a number of advantages over the
existing methods in the computation of membership degrees, and our membership methods
can also be utilized for applications that have the complex feature spaces.

The organization of this chapter is as follows: Section 4.1 provides the basic concepts related
to the SVM Theory, which is the main learning technique used in this thesis. Section 4.2
introduces the fuzzy extension in SVM learning along with some of the current membership
calculation methods. Section 4.3 presents our membership function on SOM networks with
some illustrative examples. Finally in Section 4.4, we present the steps performed in training
phase for building SVM classifiers in the scope of our analysis system.

4.1 SVM Theory

The SVM has two important properties, which make it an efficient learning technique in
classification problems: 1) high generalization capability, and (2) introduction of kernel
trick. The high generalization is achieved by searching an optimal hyperplane to discriminate
the positive and negative classes during its learning process, which enables SVM to
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maximize the margin between the two classes. The kernel function is used when the samples
of two classes can not be separated in their original forms. The mapping provided by kernel
enables SVM to search an optimal hyperplane in higher dimensional spaces. The details of
the approach are given in the following subsections.

4.1.1 Optimal Hyperplane
Given a data distribution of the form {(X1, y1)......(Xn, yn)} € R x {-1,+1}, and each Xi

is a data point with labels Yi € {—1,+1} : SVM tries to find a function that correctly classifies

the data of the distribution, which is also applicable to unseen data patterns.

As an example data distribution is given in Figure 4.2 in which different hyperplanes can be
used to correctly separate the two classes of the data.

Figure 4.2 Separating hyperlanes in a 2-d space.

In order to guarantee the best generalization performance, the SVM searches for the
hyperplane having the largest margin. The optimal hyperplane is unique and provides the
maximum separation among the data of two classes, since the remaining hyperplanes might
be closer to one class in the initial data distribution, and hence do not produce correct
classifications for newly seen data.

For example, an illustration of such hyperplane is depicted in Figure 4.3, in which two

parallel hyper planes are built on each side of the separating hyperplane and W represents the
margin length.
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Figure 4.3 The hyper-plane maximizing the margin in a two-dimensional space.

Formally, suppose we have a training set {(X1, Y1)......(Xn, Yn)}, where each Xi belongs to
one of the classes Yi € {—1,+1} for 1 =1,2,...,n. If this set can be linearly separable, the

SVM finds the hyperplane W.X + b =0 as the largest margin between the two classes. The
classification is performed according to the following decision function:

L ifyi=1 (.1

f(x)= Sigl’l(VV.XH-b):{_l iy =1

Maximizing the margin requires minimizing ||w||, and thus the learning problem becomes a
quadratic optimization:

S T (4.2)
min EIIWII

yi(Wxi+b)>1 i=12.n
, where W is the weight vector and b is the bias term.
Given such an optimization problem, it is always possible to construct another problem,
which is called as the dual problem having the same results as the original one.

By applying the Lagrange multipliers [85] to Equation (4.2), we can rewrite the dual
problem as follows:
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(4.3)

maximize: Q() = Z ai - % ZZJ: ai i Yi Xi Xi

subject to: Z aiyi =0
i

a=>0

The solution of Equation (4.3) is the form of:

w=Zayx, b=y -wix, (4.4)
, for any X, such that ¢ #0.

Each non-zero ¢; in Equation (4.4) indicates that the corresponding point X; is a support

vector. But, the optimal Lagrange multipliers, denoted by ai* , must satisfy the following

condition [85].

o {Y, (W.x, -b)-1}=0 for i =12,...,m (4.5)

Hence the optimum weight vector depends only on the support vectors, which coefficients
are nonnegative. Once the nonnegative Lagrange multipliers and the corresponding support

vectors are found, we can compute the bias b using a positive support vector X; :

b =1-w.x, (4.6)

Finally, the classification of a new data point can be done by the following decision function:

4.7)
FOO=2 a Y. x-b

, where each X; is support vector.

An important property of Equation (4.7) is: it only depends on the inner product between of
the test points X and support vectors X; Therefore, solving the optimization problem

involves computing the inner products between all pairs of the training points, which allows
the generalization capability in nonlinear problems. The application of SVM to these
problems is explained in Section 4.1.3.
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4.1.2 Soft Margin SVM

In some classification problems, the input data cannot be linearly separable unless some
classification violations are allowed. As can be seen in Figure 4.4, it is not possible to
correctly satisfy all data points, and some classification errors must be accepted to find a
maximum margin hyperplane.

In this classification scheme, the constraints in Equation (4.2) are relaxed by introducing
some slack variables, £i>0,i=1,2,...n which allow some classification errors for some

difficult data points.

The quadratic program in Equation (4.2) becomes:

! n (4.8)
min _ [w[f +C Y. &

Vi (Wxi+b) > 1-&, i=12,..n

Figure 4.4 A soft-margin SVM.

Here, the C is a parameter to control the trade-off between the maximization of the margin
and the minimization of the errors, i.e. a large C value results in narrow margins with more
misclassifications, while small C values results the SVM to ignore more data points with a
wider margin. The amount of total misclassification is controlled by aggregation of the

n
individual errors in the classification, i.e. Z Si.
i=1

If we follow the similar steps as introduced in Section 4.1.1, we can obtain a similar dual
problem identical to the linearly separable case, except with the introduction of an upper

36



bound on C on «inow.

(4.9)
maximize: I_(a)IE a —% E E ai ajYiYiXi X
i i

subject to: Zoa)ﬁ =0
'0< a<C

4.1.3 The Kernel Trick

In most real world problems, the initial distribution of the training data is too complex, and it
is not possible to separate the classes linearly generally. In this case, the SVM first maps the
data from the input space to some higher-dimensional feature spaces, and then a linear
separating hyperplane is searched in the new space. The process is shown in Figure 4.5.

. :

. ~® e D x> d(x) Y

o o * ™ y ¢ "
2 = . o |, .

Figure 4.5. The non-linear separable data in input space and mapping to feature space.

The solution of Equation (4.8) is not practical for most real-world problems. To make it
clearer, the data shown in Figure 4.5 cannot be separated even misclassifications are
allowed, and the solution can only be found if the initial data points are mapped to a higher
dimensional space as demonstrated in Figure 4.5.

Although the training set is not linearly separable in the original input space, it is linearly
separable in the new feature space, and, the maximal separating hyperplane can be found in
the new feature space. A linear classification in the high-dimensional feature space
corresponds to a nonlinear classification of the original input space, and this method is called
as kernel trick.
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As stated in the previous section, the optimal hyperplane and SVM decision function utilize
only the dot products among vectors in the input space. The problem for non-linear case is

solved by introducing a mapping function, @(Xi), which must satisfy the Mercer’s condition

[58]. Under this condition only, the product of the data points can be translated to the high
dimensional domain by applying mapping to data points: @(Xi) . #(Xj).

However, it is not necessary directly perform the mapping function, @(Xi), to solve the
quadratic program in Equation (4.8), we only require a kemel function
K(Xi, Xi) = @(Xi) . ¢(Xi) that computes the dot product of the data points in the new

feature space. Therefore, instead of using the mapping @(Xi) function directly on inputs, an

inner product of points by applying the kernel function can be utilized, which avoids the
curse of dimensionality problem in high-dimensional feature spaces.

The kernel trick plays a critical role in SVM formulation and its performance, since the inner
product @(Xi) . #(Xj) does not need to be evaluated in the feature space. Functions that satisfy
the Mercer’s theorem [71] can be used as dot products and hence can be used as kernels.
This property enables the computations to be performed in the input space rather than the
high-dimensional feature space.

The nonlinear separating hyperplane can now be found by using the Lagrange multipliers
and the kernel method, solving the following equivalent problem:

(4.10)
. 1 n n n
min 5 D yyiciaiK (%, %) - > ai
) =)
n
> yiai =0
=
0<ai<C, i=12,..n
, and the decision function becomes:
4.11)

f(X) :sign(i YicaK (X, x)+b}

There are several alternatives that can be used as the kernel function in SVM. The only
requirement for the function is that it must satisfy the dot-product of the inputs in the original
feature space. The most predominantly used kernels in the literature for SVM training are as
follows:
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e Polynomial kernel: K(Xi, Xj)= (1+ Xi. Xj)d

_ Ixi=xil2
2*0'12

e RBF kernel - K(xi, xj) =€
e Sigmoid kernel : K(X,Yy)=tanh(x"y+#6)

4.2 Fuzzy SVM

Although the SVM is a powerful learning technique in different classification problems, it
also has some limitations: First, the SVM is very sensitive to noise, which affects the
learning of the optimal decision surface inversely. Secondly, the training samples are
assumed to belong to either of one class, i.e. either negative or positive class in binary
classification, and in real-world problems, some data points such as outliers do not exactly
belong to either of the classes. Thirdly, the effect of each training sample in SVM training is
same since the SVM treats every training data point uniformly. This affects the detection of
optimal hyperplane in most classification problems, since some of the training samples can
be more important than the others in the classifier learning process.

In order to solve these problems, the SVM Theory is extended by Lin et al. by a new with
fuzzy learning approach, which the authors called the new machine a Fuzzy SVM [82]. In
the fuzzy approach, each training sample is assigned a membership value representing the
attitude of the sample to one class, and this way different training points can contribute
differently on the construction of the decision surface during the learning phase. The
proposed approach has the potential to improve the SVM classification performance, since it
decreases the effect of outliers or noise in training data once the membership degrees of
training data are computed properly.

Formally, suppose that we have a set of training samples {( X1, Y1, £1)......(Xn, Yn, 4dn)} , and
each Xi belongs to one of the classes Vi€ {—1,+1}, with a fuzzy membership value
o< ui<l, for i=1,2,...,n, and a small constant & >0. The fuzzy memberships, ti,

associated to each training data, Xi , can be regarded as the attitude of corresponding data
point to one class during the classification process. In this case, the quadratic problem of
Equation (4.8) can be described as follows:

R T n (4.12)
mlnEHWH +CZM5
i=l

Vi (Wax)+b)>1-&. i=12,..n

,fori>0,i=1,2,..n.
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In this formulation, the term &i represent a measure of the error in SVM, and Ki&i gives

the total amount of error in fuzzy SVM. Hence, a smaller /i value would reduce the effect

of error f i in Equation (4.12), and decreases the effect of the corresponding input point, Xi

in SVM training. The solution of Equation (4.12) is performed similarly as the classical case
with slight difference [82].

4.2.1 Existing Membership Functions

In the literature, several membership functions are proposed for calculating the membership
values in fuzzy SVM training. For instance, Lin et al. [82] have defined a membership
method according to the distance between a sample and its class center, within their original
fuzzy SVM paper. Similar approaches are also investigated by some researchers to find a
suitable membership calculation method with minor modifications [83, 86, 87]. The method
is as follows: 1) a clustering method is performed on the initial data, 2) the distances of
training points to their closest cluster centers are located, 3) a scaling function is applied to
calculate the membership values of training data directly in the input spaces [88].

To make it clearer, given a set of training samples {(Xi, Y1, £1)......(Xn, Yn, tn)}, and
X, denoting the mean class {+} and X_ denoting the class center {—}, first the radii of each
class is found, for a binary classification scheme:

e Radius of + class is determined by: I, = max | X, - Xi‘

e Radius of —class is found by: . =max | X_ - X; |

And, in general, the fuzzy membership values of data samples are determined by using a
function on the mean and radius values for each class, as follows:

1= | X, =% |/(r,+0) , ify; =1 (4.13)

MoV X [/ +0) ity = -1

A different way of calculating membership degrees for fuzzy SVM training is presented in
[83]. In this approach, the relations of a sample to its cluster center also considering the
relations among the samples themselves by describing a fuzzy connectedness of the training
samples [61]. This is defined by performing a KNN distance calculation on the training
points.

Another membership calculation method is proposed in [80], in which both the correctly and
incorrectly classified data points are used in the calculation. The authors focus on the data
points in the mixed regions, where both data points occur, and assign them higher fuzzy
membership values than the other points.
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Most of the above-mentioned methods define the membership values using the distance
among the training points to their class centers, in which the computations are directly
performed in the original input space. The methods assume a prior knowledge with a
compact data distribution, and none consider the high-dimensional feature spaces as in the
case in image analysis. For instance, Lin et al. assume that the outliers in training set can be
detected by computing the relative distance of samples to their class centers [87], which is
true under limited conditions as explained in [84]. Hence a new way to compute the
membership values of low-level visual features is required in order to apply a fuzzy learning
method to classical SVM.

The detection of memberships for the high-dimensional visual features is not a trivial process
since the features that are extracted from similar image regions do not always have common
distributions in the low-level feature spaces. In this dissertation, we propose a unique
approach to address the limitations of the previous membership calculations methods. The
new approach provides an enhanced membership detection method such that unlike the
previous membership functions which directly make calculations in the original feature
space, we first map the very high-dimensional feature vectors into lower dimensions
introducing a neural network approach, and then perform the membership calculations in the
new low-dimensional spaces.

The new membership function utilizes the class-based trained SOM networks, which are
introduced in Chapter 3. The main aim in using a SOM mapping for membership calculation
is to analyze the high-dimensional visual features by mapping them onto more compact, 2-D
discrete maps, in which the spatial locations of the neurons on SOM includes the inherent
statistical patterns of the features.

4.3 A Novel Membership Function

The most critical part in fuzzy SVM is the selection of an appropriate membership function,
which determines the level of importance of the training samples prior to the classifier
learning process. In this section, we present the main motivations in our membership
calculation approach, and provide the utilization of the method the in image classification.

To the best of author’s knowledge, the membership functions defined in the literature for
fuzzy SVM training are not suitable for our problem for the following reasons:
e The image classification problem requires the analysis of complex low-level features
and none of the earlier approaches deal with such high-dimensional features,
o The feature extraction task distributes the visual features sparsely in the original
feature space; even they are extracted from semantically similar regions.
e Applying a clustering method on visual features in their original spaces does not
produce the desired clusters due to the semantic gap problem,

Since the visual features do not have a common pattern distribution in low-level space,
calculation of membership values in these spaces often produce poor results. Thus, a suitable
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membership detection function must be defined for the high-dimensional visual features to
be able to perform fuzzy SVM learning in our system.

4.3.1 Membership Calculation for Low-level Visual Features

In this dissertation, we introduce a novel membership function utilizing the SOM neural
networks. In this approach, we use the SOMs to map the low-level feature of semantic
classes considering each SOM unit as a cluster center for the class. In other words, the
mappings of low-level features onto the output layers of concept-based constructed SOMs
can be viewed as a special clustering on the visual features. We use the distance of each
training sample in this mapping as a similarity measure of the sample to the corresponding
class, since each SOM is are built individually by utilizing the low-level features of that class
only. Hence, the distances input vectors to their corresponding bmus is used as a measure of
the (dis)similarity among the images to semantic classes. The membership detection
algorithm is as follows:

The method is applied as follows:

1) For each SOM structure; the mean and maximum distances among the SOM units
are found, since each SOM is of different size and weight vectors.

2) Each input vector is mapped to a corresponding SOM network. The SOM is
determined according to the semantic class and type of the feature the SOM trained
in the construction phase. This mapping computes the minimum distance between
an input vector to the closest SOM unit.

3) A normalization is performed on the calculated distance, which on two factors: a)
the average distance or quantization error of SOM units, b) the binary sign of the
input vector for the class, i.e. the input vector may be either a positive sample or
not. This normalization is important in determining the membership values, since
we either use the average distance among SOM unit or maximum distance
according to the label of the feature vector.

4) The membership value of the input is determined by applying a RBF on the
normalized SOM distance of the low-level feature.

Algorithm 4.1 The calculation of membership values of low-level features.

Input: A set of low-level features, and semantic annotations of the form
{(X1,C1)......(Xn,Cn)}, where each  Xi is assigned a semantic class

Cie{Set of Concepts} for i =1,2,...N in the classification system.

Output : The membership degrees of input features.
1: Calculate the SOM distance for each input vector.

disti.j = distance(Xi, Sj)

2: Compute the average and maximum distances in each SOM.
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mean _qerr; = mean _distance(S));
max_gerr; = max_ distance(S;);

3: Form the normalized SOM distances according to the label of the input vector.

0 , 1f distij <=mean_ gerr;

if( G = Cj) D_norm= || distij - mean_gerr; ||

, otherwise
mean_derr;
0 , 1f distij >=max_qerr;
else D_norm = 1 || distij - max_gerr|| :
= , otherwise
max_ et

, where Ci is the annotation class of the input vector and Cj is the SOM that’s used in

membership calculation.
4: Finalize the membership through applying a Gaussian function.

_|ID_norm|?
2*0%

Hyi = €

4.3.2 Membership Determination Strategy

We propose a heuristic function in the calculation of memberships in Algorithm 4.1 by
making an assumptions as the closer a positive training sample’s feature vector to
corresponding SOM (e.g. the bmu), the more representative it for that class, and its
contribution is increased during the SVM learning phase. This assumption holds in our
system since we build the SOMs by utilizing only the positively labeled training images and

each SOM is trained individually for certain classes in our visual analysis system.

Suppose that D(Xi,mej)is a distance measure between the data point Xi and SOM

unitbmu;j in feature space. In order to differentiate between a noisy and a representative

sample in training set, we focus on two measures: the distance between the sample and

corresponding bmu, and the sign of the sample as follows:

e If Xi is a positive instance, i.e. the annotation of Xi is same as the SOM’s concept,
we use the pre-calculated mean of SOM in normalization, where if D(Xi,mej)is

less than or equal to the mean it is considered to be zero (Algorithm 4.1).
For negative instances, we take the maximum distance between any two of the SOM
units as normalization factor and use in normalization, in case D(Xi, bmu j) is greater

than this value, the sample is considered to be a good example of negative class
(Algorithm 4.1).
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The normalization applied to the SOM distance is necessary, since each SOM is trained
using different number of training features, which determines the size of the network.
Additionally, since the SOMs are trained independent of each other, they also differ in
dimensionalities, and different weight vectors.

After performing the above-mentioned normalization, we employ a Gaussian function on the
normalized SOM distance:

_ Ixi-x? (4.15)

2*012

K(xi,xj)=¢€

Now, we check the following two situations:

e For a positive training sample Xi, the closer the point Xito a SOM, the more
representative it is for the class: the membership of Xi is increased by the RBF.
Otherwise, it is evaluated less important by RBF, since the normalized distance is low
and the RBF reduces the weight in that case.

e For a negative instance, the opposite performs: the higher a data points distance to a
SOM, the more membership value is given to the point, since the point is a good
negative sample for the class now, and the RBF increases the point’s membership
degree accordingly.

To summarize, the proposed membership function provided in Algorithm 4.1 degrades the
effect of noisy samples in negative and positive regions in training data, and results in an
improvement in the classification performance of the classical SVM.

As a sample image with region annotations is shown in Figure 4.6. The membership values
in Table 4.1 are calculated by using the SOM trained by the low-level features extracted
from the images that contain at least one sky object. Although the regions R2 and R3 are
both positive samples for the sky class, they have different membership values as can be seen
in Table 4.1. The membership of R2 is calculated higher than that of R3 since the former
region is a better representation of the class in the sense that R3 includes some white cloudy
parts 1n 1t.

Analyzing the negative regions in Figure 4.6, the distance of the features extracted from R1
to the SOM is greater than that of R4, which makes R1 a better negative sample than R4.
Additionally, R4 has similar color attributes (e.g. heavy blue) as sky regions, and the
memberships calculated by CSD and EH descriptors are also different since the CSD is a
color-based feature type.
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R1: vegetation R2: sky

Figure 4.6 A Sample image with annotations.

Table 4.1: The SOM distances and membership values for sky concept.

Region  Descriptor SOM Membership
Distance Value
R1 CSD 8.7 0.91
R2 CSD 4.3 0.94
R3 CSD 5.6 0.67
R4 CSD 6.3 0.45
R1 EH 7.2 0.83
R2 EH 3.2 1.00
R3 EH 4.9 0.76
R4 EH 6.9 0.71

The advantages of the use of SOM networks in feature analysis can be listed as follows:

)

2)

3)

The computations are performed in a 2-D space, which provides also computational
efficiency in the evaluations.

The SOM is sensitive to frequent input patterns, and although the extracted visual
features do not have common patterns in their original spaces, the SOM construction
approach enables to catch the common input patterns on training data.

The SOM runs fully unsupervised manner, which means that a prior learning or
labeling of data is not needed to form the clusters and can be built without using of
information of image classes.
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4)

5)

The SOM is used as a clustering method that produces two-dimensional clusters on
its output space, which preserves the topology of the features.

The relationships between the low-level features extracted from image regions can
also be visualized, and some training samples may be grouped closer to each other
than they would in a one-dimensional cluster analysis.

4.4 The Construction and Utilization of Binary Classifiers
Once the membership values are assigned to the training samples, we start building binary
SVM classifiers in our classification system as shown in Figure 3.2. The classifier learning

includes constructing several binary SVMs by using the low-level features of the training
data along with the memberships associated to each training vector. In this step, we run the
SVM learning algorithm under the one-against-all approach [89], and at the end the support

vectors for each semantic concept are computed individually.

In the SVM implementation, the following steps are performed to obtain binary classifiers:

1)

2)

3)

4)

5)

6)

Data Preprocessing: The training data should be represented in separate vector sets
since the SVM requires vectors in same dimensionalities. Therefore, we grouped
the low-level feature vectors extracted from training images into different groups.
Then, for each semantic class we transform the form the required training vectors
and create individual SVM training data packages by adjusting the class labels to
each sample accordingly.

Scaling: In order to avoid the numerical difficulties in calculations, and the
attributes in greater numeric ranges dominating those in smaller numeric ranges, a
scaling must be performed before the actual SVM training process. This enables
effective kernel computations on the high-dimensional feature vectors without
causing numerical problems.

Kernel Selection: We select to use RBF kernel in SVM training. The main reason in
selecting this kernel is the capability of the RBF to nonlinearly map the input
vectors to higher dimensional spaces, which is a required step in image
classification.

Parameter Search using Cross Validation: The parameter selection is usually
applied prior to the classification task, to provide better classification rates that are
not known beforehand. We perform a parameter search using the 5-fold cross-
validation technique [90] before the actual classification starts as follows: The
training set is divided into 5 subsets of equal size, and each time we test a subset
using the classifier trained on the remaining 4 subsets using different parameters.
At the end, the accuracy is determined according to the percentage of the correctly
classified data for each case and the optimum kernel parameters are reached.

Use of Membership Degrees: In order to use the membership degrees assigned to
each training sample, we a second weight file that contains the membership degrees
of the training samples. Since the classifiers are used to learn different concepts, the
same training sample might have different membership values in each classification
process.

SVM Training: After preparing the required input packages for each classification

task, the classifier training process is performed, and separate binary SVM
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classifiers are built for each class and descriptor type. At the end, each SVM is
capable of discriminating one semantic class from the remaining classes, and
provides a binary classification result on test data.

We also employ a probabilistic learning model in SVM in order to approximate the
classification confidences in the scope of our classification system. The approach is
explained in Chapter 6, and the implementation of the binary SVMs performing both

classical learning and fuzzy learning along with their performance results is described in
Chapter 7.
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CHAPTER 5

HIGH-LEVEL CLASSIFIER FUSION

Fusion of individual classifier results is a crucial task in multi-classification systems since
the classification performance can be improved by applying an optimum combination
method. The fusion can be applied in different levels of abstraction ranging from data or
feature level to decision-level depending on the architecture of the system. In our visual
classification system, we build several binary SVMs, which are individually trained using
different feature types for each image class. In the Fusion Layer of our classification system
(Figure 3.2), we perform a novel fusion method exploiting the binary SVM results along
with the classification confidences and feature weights. In this chapter we describe our
approach in classifier combination and design of high-level fusion process.

Different combination techniques can be applied for classifier fusion. One general approach
to combine the outputs of classifiers is majority voting, which is commonly applied in
handwritten text recognition [58]. The voting approach does not require any learning process
before the fusion, in which the final decision is determined according to the class label most
represented by the classifiers.

There are fusion methods that require an additional training, such as the weighted average
combiner. In this technique, learning is applied prior to the fusion process, example works
can be found in [91, 92]. Another approach in high-level fusion is the combination of weak
classifiers that are trained on different parts of the problem independently. The purpose in
this approach is to build a strong classifier from several single or weak classifiers trained on
same learning techniques with different parameters or cost functions.

Third classes of ensembles develop the combiner during the training of the individual
classifiers, for example, AdaBoost.

In order to provide an optimal merging of the results obtained by binary SVM classifiers,
and to improve the overall system performance in visual analysis, we implement a new
classifier fusion framework for in this dissertation. Our fusion method is based on Demspter-
Shafer Evidence Theory [93], in which we utilize three distinct information sources or
evidences during the combination process as follows: 1) the individual SVM classifications,
2) the degree of confidence in each classification, and 3) the weight of low-level features for
each class.
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Figure 5.1 The fusion process in visual analysis.

The first parameter in our fusion approach is binary classification results obtained by several
SVMs. Since we train one SVM for each feature type and image class, for a single test
image, a number of classification results are obtained from the SVMs, with different
decisions on the label of the image since the SVMs are trained separately using different
feature sets. The second information used in the fusion process is the classification
confidences, which are computed by a probabilistic approach using the absolute value of
SVM decision function. The third and final input to our classification system is feature
weights, which represent the importance or effectiveness of low-level features on image
classes.

We have explained the SVM classification process in Chapter 4. In this chapter, we present
the remaining two steps, namely, the determination of classification confidences and the
computation of the effectiveness of low-level features in the scope of our classification
system. The rest of this chapter is organized as follows: Section 5.1 explains the basics of
Demspter-Shafer Theory, Section 5.2 introduces the topology-preserving property in SOM
clustering along with the their utilization in feature weighting. Section 5.3 gives information
about the determination of classification estimates in SVM using a probabilistic approach.
Finally, Section 5.4 presents the fusion process of the entire system and the application of a
modified DS combination rule in the scope of the thesis.

5.1 Dempster-Shafer Theory

In this dissertation we use the DS Evidence Theory to exploit the information obtained in the
visual classification system in for an optimal combination of individual SVM classifiers. The
Dempster-Shafer (DS) Evidence Theory [93] was introduced as a method for representing
uncertainty. The DS, contrary to the Bayes probability, associates evidence to multiple
events.
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There are three important functions used in the DS Theory: 1) the basic probability
assignment (bpa), 2) the Belief (Bel), and 3) the Plausibility (PI) as follows:

e Basic probability assignment (bpa): The value of BPA, or mass of a setA, is
represented as M(A), which represents a particular element belongs to the set A but
any particular subset of the set A [94]. In other words, the BPA represents the degree
of evidence, in which the element in question belongs exactly to the set A.

e Belief (Bel): The measure bel(A) is the degree of evidence that the element in
question belongs to set A as well as to the various subsets of A[94]. Belief can be
interpreted as the total amount of support given to A.

e Plausibility (Pl): The quantity pl(A)shows the total degree of evidence that the

element in question belongs to set A or any of its subsets [94]. The plausibility can
be interpreted as the maximum support that can be given to the set A.

The DS can combines multiple beliefs by using their bpa’s, once the belief functions are
defined on the same frame of discernment and based on independent evidences. Given two
bpa’s, the DS combines all the supportive propositions as follows:

Z_ m(E)-m;(E) (5.1

(A ECE
MEMA =5 nEmE)
r o

As mentioned before, there are two basic assumptions in order to apply the DS combination
rule to a specific problem, these are: 1) the sources or information provides must be defined
in the same frame of discernment, and 2) they must be independent of each other.
Considering our classification system, the information sources that will be used in DS
combination are the binary SVM classifiers, and the two rules hold since the classifiers are
trained independent of each other and defined in the same application domain.

The DS rule in combining multiple evidences can also be interpreted as a generalization of
the Bayes rule [95]. The DS combination rule mainly focuses on the agreement between the
different sources, and ignores all the conflicting evidence by applying a normalization factor.
This approach is criticized by some researchers [96], especially in the case of strict
conflictions in evidences, the normalization applied in Equation 5.1 can cause dramatic flaws
and hence incorrect results by aggregating only the common on information sources. To
address this problem, a modified DS combination is proposed in the literature to represent
the degree of the conflict in the combination.

There is another problem in the DS combination, which fails to differentiate among different
sources since the information providers may be of different importance to the problem.
However, the DS combination in Equation 5.1 trusts each source equally, which can be
suitable if the observations have similar accuracies or confidences. This approach is not
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realistic in many real-world problems including image classification, since the individual
classifiers have different confidences in the evaluations.

In order to address this problem, a modified DS combination method is presented in [9],
which assigns weights to the information sources, and apply the following DS combination:

> wWimE)w m(E) (5.2)

(A) =K A
m &m; (A== ST wmEIW M, (E)
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In Equation (5.2), each evidence or information provides is assigned a weight factor
representing the importance or the trust in the evidence. The determination of the weights for
the sources is domain dependent: some works use the previous results obtained by the
observer’s decision, and so on.

In order to implement the DS combination in our visual classification system, the following
input parameters should be defined first: 1) the information sources of our classification
system, 2) the calculation of bpas, in the context of image analysis, and 3) the weights that
will is assigned in the combination to achieve an optimal combination.

The first parameter is the individual binary SVMs generated in the training phase for each
semantic class. As described in Chapter 4, each of SVM classifier is an expert of one single
image class, and their classification results are used as the primary evidence source in the
fusion. The second parameter used in DS combination is the detection of classification
confidences in SVM evaluations, in which we apply a probabilistic classification approach,
which is described in Section 5.2. The third area parameter to be fielded is the feature
weighting method, which is based on the entropy of the distribution of low-level features on
different semantic classes. Section 5.3 explains the detailed information in this process.

5.2 Probability Estimates in SVM Classification
In a binary classification problem, the SVM evaluates a point according to the sign of the
following decision function:

n 5.3
F()=> ayiK(x,X)+b -3
i=1

The decision function in the above equation carries two kinds of information:
1) The sign representing the class of the classification, i.e. whether a positive class or
not, and,
2) The absolute value representing the distance to the hyperplane; this value is related
shown to represent the strength in the decision, i.e. the farther a sample point locates
away from the decision boundaries the stronger the decision is [97].
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The distance of the points to the SVM separating hyperplane is shown to be related with the
confidence of the decision in SVM classification [97], and can be used to represent the
probability approximation in classification. Several experiments was performed on various
of handwritten symbols for classification in [98], and the authors show the classification
error decreases exponentially with the distance from the SVM hyperplane, which is shown in
Figure 5.2.

15 20

Figure 5.2 SVM classification error rate vs. distance to hyperplane.

The determination of the classifier confidences is approached by performing the
classification output in a probabilistic approach proposed in [55]. This approach is useful to
obtain the classification results in terms of probably estimates, since the output of the SVM
is a distance from the separating hyperplane and can not be directly used as a probability
value. Platt [55] introduced a parametric model to fit the posterior class probabilities with the
adaptation of an additional sigmoid function in Equation 5.4, during the classification task.
The method trains the SVM with the parameters of the sigmoid function, and then maps the
outputs of the SVM into probabilistic estimates.

1 (5.4)
1+e (Af +B)

Pr (y=1| f)~Pas(f)=
, where f =F(X)in Equation 5.3.
Instead of estimating the class-conditional probabilities, Platt uses a parametric model that

fits the posterior P(y =1| f)directly, and the parameters of the model are adapted to give
the best probabilistic results [55].
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In the classifier fusion, we employ the Platt’s approach in SVM training and train the
parameters in Equation (5.4) so the concept classifiers also produced the posterior
probability values in classification task. The classifier probabilities are used as the BPA or
mass value in DS combination, as mentioned in Section 5.1.

A test sample image and annotations applied on the regions are shown in Figure 5.3. The
binary classifications results of the annotated regions applying different concept classifiers
that are trained on Color Structure descriptor is provided in Table 5.1.

R1: vegetation

Figure 5.3 A sample image and region annotations.

As can be seen in the classification results, the classifier of Sky produces positive results for
both of the regions: R2 and R3. However, the classification probabilities or the confidence in
each decision are not the same; the region R1 produces higher result than the region R2,
since the former region is closer to an ideal Sky than the latter. Also the results of negative
classes differ, as can be seen in the classification results of the regions R1 and R4 in Table
5.1.

Table 5.1: The classification results and probability estimates

Region Classifier Class Probability
Rl Sky 0.93
R2 Sky + 0.89
R3 Sky + 0.57
R4 Sky - 0.62
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5.3 Determination of Feature Weights

When the evaluation results of individual concept classifiers are compared, their accuracies
are not the same, which indicates that some low-level descriptors are more effective in
learning certain concepts than the others. For example, the color-based descriptors are
usually more discriminative for the concepts like Sky, Snow, or Vegetation than the region-
based features. In order to exploit this information in the classifier combination task, the
relative importance of the low-level features on different concepts should be investigated.
We propose a probabilistic feature weighting approach using in the dissertation, which is
used to model the quality of low-level features for semantic concepts based on information
entropy measures.

The proposed approach is based on analyzing the distributions of the low-level features
extracted from the annotated image regions in the training set. Similar to the membership
calculation method introduced in Chapter 4, the same SOM structures are utilized in feature
weighting task. As stated in the previous chapter, the SOMs are built independently for each
concept and descriptor pair by exploiting the positive feature vectors of each semantic class
in train set. The basic idea in applying SOM mapping during the weighting process is to
examine the distributions of the low-level features over semantic concepts, and analyze the
randomness of feature distributions on different SOM output layers. The descriptors whose
distributions are relatively non uniform are observed to produce more successful
classification performances than the randomly distributed descriptors, and higher weights are
given to non uniform feature distribution in the feature weighting process accordingly.

The SOM mapping performed in feature weighting process differs from the mapping applied
in the membership detection task in that in the latter we map all of the samples in the training
set, i.e. both the positive and negative feature vector for a concept, while in the former we
map only the positive feature vectors, and perform the computations after the whole mapping
is completed. In the implementation of weighting method, each training vector’s bmu is
located on the SOM, and the total numbers of bmu hits are counted to form the bmu hit
histograms. These histograms are used as the posterior probability of a neuron to be the bmu
for a new vector, and the feature weights are determined by calculating the entropy of this
probability distribution during the feature weighting process.

The more uniformly or randomly a concept distributes a low-level feature the less distinctive
the feature for the concept and higher entropy value is produced in this situation. After the
entropy values are determined for different descriptors; the basic assumption in feature
weighting is that lower entropy corresponds to better performance, since it represents a non-
random distribution.

The steps included in the feature weighting are shown in Figure 5.4. After the SOM mapping
is finished, we apply an initial clustering algorithm on the SOM neurons considering the
topology preserving property of the SOM. Then we start the calculation of entropy in feature
distributions, to identify the uniformity of the distribution as mentioned before.
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Figure 5.4 The feature weighting process.

5.3.1 SOM Mapping and 2-d Clustering

The neighboring SOM units have closer weights and the SOM maps the input vectors such
that the similar patterns are mapped to the neighbor units on SOM. To exploit the topology
information provided by the SOM, we apply a clustering algorithm on the initial hits of the
neurons.

As described in Chapter 4, we train individual SOMs for each semantic class using only the
positive samples for each concept. For each low-level feature in training set, we first map
them on corresponding SOMs and obtain a mapping of the low-level features for semantic
concepts, and then count the bmu hits after the mapping. Algorithm 5.1 presents the SOM
mapping and clustering method applied in feature weighting process. We provide a sample
scenario to clarify the inner steps of Algorithm 5.1 in this section.

Algorithm 5.1 SOM Clustering.

Input : An initial SOM structure

Output : A number of clusters and bmu hits.
1: Construct SOM from the train data

sM =som_make(sD)

2: Locate the bmu’s for each training sample and calculate the SOM distances.
[bmus,gerr] =som_bmus(sM,sD)

3: Form the final bmu hits.
[hits] = som_hits(sM, sD)

4: Normalize the bmu hits.
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[hits] = normalize [hits]
,where SOM_distance < SOMoavg_qerr for each hit.

5: Perform clustering on the SOM

fori=1ton
Vx e sSM[],

agg_hit.= hitc+ > hity , where neigh(x, y) = 1

sort neurons by descending agg_hits,

cluster_center =index(1),

if hit(cluster_center) < hit_threshold stop

else
Clusteri = [cl_center,neighbours(cluster_center)]
Vvx e Clusteri, hitc=0

6: Merge neighbor clusters

if Clusteri » Clusterj # &
remove Clusteri, Cluster;
add Clusteri U Cluster;

Figure 5.5 presents a sample SOM of size 7x8, which is trained using a small dataset. The
circles represent the SOM neurons on the map, and the numbers in each circle represents the
id of the neuron.

Figure 5.5 A sample SOM of size 7x8.
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Figure 5.6 shows the bmu hits after the positive samples in training set are mapped on the
same SOM of Figure 5.5. The numbers above the neurons represent the total hit count of
each unit.

Figure 5.6 The bmu hits on the SOM.

We initially perform normalization on the initial bmu hits to eliminate the noisy hits on the
initial hit histogram. We find the average distance between the input vectors and SOM
neurons, and the hits that have bigger values than the average distance are deleted. Figure 5.7
shows the bmu hits after the normalization, the changes are presented in red color on the
map.

Figure 5.7 The bmu hits after normalization
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Then we aggregate the hits of each SOM unit with its neighbors. The results are shown in
Figure 5.8. At this step we sort all the aggregated hits and chose the largest unit as a cluster
center. As can be seen in Figure 5.8, the unit 15 has the largest total hit and thus selected as
the center of first cluster in the iteration of line 5 of the Algorithm 5.1.

Figure 5.8 The aggregated bmu hits

After determining the cluster center, we collect each neighboring unit in the cluster and
change corresponding hit cunts to 0. The first cluster shown in Figure 5.8 includes the
following neurons: (15, 6, 7, 8, 14, 16, 23), and after the first iteration is finished in the
Algorithm 5.1, the new bmu hits are formed as shown in Figure 5.9.

When clusters are formed, we apply a merging process on the clusters such that two clusters

with at least one common unit are merged. The final form of the clusters found by applying
our 2-d clustering is shown in Figure 5.10.
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Figure 5.9 The first cluster and updated hits

When clusters are formed, we apply a merging process on the clusters such that two clusters

with at least one common unit are merged. The final form of the clusters found by applying

our 2-d clustering is shown in Figure 5.10.

Figure 5.10 Final clusters.
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5.3.2 Entropy Calculation and Weight Formulation

Entropy is defined differently in different contexts [99]. Throughout the dissertation, the
term entropy is used as a metric of information measure, which is defined in the Shannon’s
Information Theory [100].

The entropy of a random variable is defined in terms of its probability distribution and can
be used as a measure of randomness or uncertainty. Given a probability distribution, the
entropy is defined as follows:

n 1 (5.5)
H(p, p2,..., pn):Zpilog(E)), where pi+pe+..., pn=1
i=l 1

Entropy is a commonly used measure to determine the randomness of a distribution. A good
model is such that the distribution is concentrated on a few clusters, which result low entropy
value [57]. The authors examines different clustering methods for multimedia concepts and
the interpretations of in terms of the probability distributions, and evaluate the models using
a similar method proposed in the dissertation by applying entropy-based calculations.

In our situation, we treat the SOM neurons as cluster centers, and the bmu hits as the
probability density function, which represents the posterior probability of each cluster being
the best match for any vector in the training set. Hence, after determining the bmu hits and
performing the clustering Algorithm 5.1 on the map, we follow the following steps to
calculate the feature weights:

1) Perplexity Measure: Perplexity is a more illustrative measure than entropy, which is

commonly used in speech recognition, and defined as: PPL =2" .

Instead of making calculations based on entropy measure, we use the perplexity PPL in
weight calculations. The maximum entropy (Hmax) is achieved when the distribution is
uniform, i.e. similar bmu hits. We first calculate the normalized perplexity of the bmu
distribution as follows:

—— ppL 2M (5.6)
PPL=—— =~
PPLix  2H™

, which is nonnegative and less than or equal to 1, in all cases.

2) Feature weighting formula: A small value of PPL corresponds to a more
concentrated, or non-uniform distribution, and hence the relative weight of the
corresponding feature should be increased. To represent the weight, we apply a Gaussian

function on the normalized Perplexity (PPL ) value, and set the weight of the Ith feature for
the jth concept as Wi, j :
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~ W} (5.7)
2*0'12

W.j=¢€

, where o j is the radius of the SOM that is trained on the jth concept.

The magnitude of the entropy reflects the effectiveness of the feature for the concept, and the
output generated by a classifier that is trained on that feature is treated accordingly to the
weight of that low-level feature in the fusion process, as described in Section 5.1.

5.4 Application of the DS Combination in Classifier Fusion

In this section we explain the application of DS Theory in the fusion phase of the concept
detection system. As described previously in this chapter, we introduce a new technique in
high-level classifier fusion through introducing the DS Theory in concept detection process.

We illustrate a sample DS combination in this section. Table 5.2 shows the results of two
classifiers on three images including the probabilities in each case. Before explaining the DS
combination rule for this example, we first describe the fields in Table 5.2:
o The classification results, which denote the evidence provided by each classifier, and
used in combining multiple evidences accordingly,
o The classifier confidences represent the basic probabilities assignments (e.g. mass
functions) assigned to evidences,
o The weights are used as the trust level of classifiers in the weighted DS combination.

These values are fed into the weighted Dempster-Shafer combination applying the
Equation (5.2).

Table 5.2: Single classification decisions for a test image and feature weights.

Classifier Decision Classification Conf. Feature Weight
svml + 0.53 0.18
svm?2 - 0.89 0.12
svm3 + 0.71 0.39
svm4 - 0.94 0.31

Considering the evaluations in Table 5.2:
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mi(+) = 0.53, mi(—) = 0.47 (5.8)
ma(+) =0.11, mx(-) = 0.89
ms(+) =0.71, ms(+) = 0.29
ma(+) = 0.06, ms(—) = 0.94

We combine the evidences of positive classifiers by applying Equation (5.1):

Mi(+) = 0.53x0.71 = 0.376 (5.9)
mis(D) =0.53x0.29 + 0.46x0.71 = 0.48

Since there is conflict in the combination, we need to normalize the computed values

byl —mi3(&D), which gives a combined mass of positive class Mis(+) = 0.72 .

Similarly, by applying Equation (5.1) to combine the bpa of negative class:

Mas(=) = 0.89%0.94 = 0.837 (5.10)
Mas(D) = 0.89%0.06 + 0.11x0.94 = 0.157

Similarly, due to the conflict in the combination, we apply the normalization to finalize the
combined decision on negative class, which results the combined mass Mx(—) = 0.99. Since

the total belief in negative class is higher than positive class, the image is classified as
negative by the DS combination.

63



64



CHAPTER 6

AN EFFECTIVE BOW MODEL IN IMAGE CLASSIFICATION

In this chapter, we present our work on SIFT method along with the utilization of BOW
model in image classification. We introduce the use of SOM and distinctive SIFT features in
BOW. There are two major contributions in this: First, we improve the classification
performance by establishing a unique feature selection method along with the utilization of
SOM neural network in codebook generation phase of the BOW model. The SOM maps
high-dimensional SIFT features on 2-D output space in a topology-preserving way, which
builds more representative codebooks than typical clustering methods, such as the k-Means
clustering method. Second, we improve the classification performance and increase the
scalability by the use of distinctive features, i.e. reducing the number of image features by
using only the distinctive features. To the best of our knowledge, the utilization of SOM both
in codebook generation and in distinctive feature detection have not been investigated in
image classification before, although several BOW models have been proposed for
classification of visual data in the literature [101-103].

A number of low-level features have been proposed both locally and globally to effectively
represent the visual properties of an image. Among them, SIFT [104] is a popular local
feature extraction method with successful applications in different fields of image analysis
[7, 105-107]. The main advantage of the SIFT [104] and its variants [108, 109], is the
stability of the extracted descriptors under different orientation and scale changes, which
enables reliable matching between the local image points extracted from the same objects or
scenes. However, there are two main limitations in effectively utilizing the SIFT features:

1) The SIFT generates a large number of local features, and for most of the real-world
problems it becomes infeasible to find a correct match to a single point against a large
database of features [110],

2) The SIFT does not differentiate the keypoints in interested regions, such as object
boundaries, from the points in the background, and most of the keypoints arise in the
background locations [8].

The first problem is related to the SIFT method in which it locates several hundreds of
keypoints from a single image during the feature extraction process, which results in a large
number of features to be analyzed even for small training sets. For example, an average of
1500 keypoints is populated from a single image, and if we consider a training set of 200
images, then it results in 300.000 SIFTS features to be processed in computations.

Many real-world problems require the analysis of large image sets [26, 111], which makes
the SIFT method infeasible due to the high computational costs. The common approach to
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solve this problem is to utilize the bag-of-words (BOW) model, which is widely used in
document retrieval problems [106].

The second problem is about the determination of significant keypoints. Although the SIFT
method locates scale-invariant keypoints in an image, it does not provide any information
about the importance of a keypoint in the classification problem [109]. Moreover, most of
the keypoints arise from background regions (Fig. 1) and inversely affect the classification
problem. Hence, it would be useful to eliminate the irrelevant keypoints and utilize the
remaining keypoints in the classification process.

Figure 6.1 A sample image and SIFT keypoints.

The rest of the chapter is organized as follows: Section 6.1 introduces the background
information related to SIFT method and present previous works in BOW model. Section 6.2
presents information about the architecture of the BOW model we developed, and the use of
SOMs in codebook generation, the classification methods and the extraction of distinctive
features. Section 6.3 presents the effect of threshold in distinctive feature detection, , and
finally, Section 6.4 discuss the effect of different codebook sizes generated by SOM and k-
Means clustering methods.

6.1 Background Information

6.1.1 Scale-Invariant Feature Transform
The SIFT was initially proposed by Lowe in 1999 as a local feature extraction method [104].
The SIFT method first detects the stable image points under different location and scale
changes, and then generates the local features around these points.
The steps performed in SIFT feature extraction are as follows:

1) Scale-space extrema detection: The image is searched for all scales and locations, and
a Difference-of-Gaussian (DoG) function is applied to identify the scale invariant locations
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in the image. The scale space of an image is defined by the convolution function in Equation
6.1.

L(X Y, 0) = G(X, Y,0) * (X, Y) (6.1)

, where G(X, Y,0) is a variable-scale Gaussian function (Equation 6.2).

1 21\2)/202 (6.2)
G(x y.0)= 5 & )

The local extrema is detected by comparing each pixel with its neighbors by applying the
following DoG function in scale-space (Equation 6.3).

D(x, y, 0)=(G(X, y,ko)-G(X, y,0)) * I(X, y) (6.3)
=L(x, y,ko)—L(X, y,0)

2) Keypoint localization: Each candidate keypoint is examined for stability through a
quadratic fitting function, and the points that have low contrast or locate on the edges are
discarded.

3) Orientation assignment: Once the keypoints are determined, one or more orientations
are assigned to them based on their image gradients. The further computations are performed
on this assignment for each key-point, which provides invariance to scale and orientation
changes.

4) Descriptor Representation: The SIFT descriptor is formed by computing the local
image gradients at each key-point location and finally a 128 bin descriptor is created [8].

The features extracted by SIFT are highly robust to occlusion, clutter and slight view
changes, which give distinctiveness in the sense that a new feature can be matched with high
probability against a large number of features [8].

6.1.2 The Classification Methods used in BOW

In this section, we provide the basics of the classification techniques employed in the paper.
The utilization of each method for-based image classification system is explained in Section
6.2 in detail.

1) The Naive Bayesian Classifier: The Naive Bayesian (NB) classifier is a probabilistic
learning method based on Bayes Theorem and maximum-posteriori hypothesis [112].

Formally, suppose that we have Kk classes, (C1,C2,...,Ck) and a sample vector
X ={Xi,...., Xn}, with n attributes. The NB classifier assigns a sample to the class having

the highest posterior probability, i.e. the sample X is assigned to class Ci if and only if the
following holds:
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P(Ci| X) > P(Cj| X), 1<j<Kk,j#i (6.4)

If we apply Bayes theorem to Equation 6.4:

P(X | Ci) P(Ci) (6.5)
P(X)

P(Ci| X) =

The denominator, P(X) in Equation 6.5 is the same for all classes, and the class a-prior

probabilities, P(Ci) are unknown and assumed to be identical in the evaluation phase.
Hence, the only remaining parameter that needs to be maximized in Equation 6.5 is
P(X |Ci), which is the posterior probability of the attributes given a class.

Since the attributes are conditionally independent of each other, given a class (e.g. the naive
assumption), P(X | Ci) can be reformulated as:

n (6.6)
P(X|C) ~ J]P(x|Ci)
k=1
Finally, the NB assigns a test sample applying the maximum a posterior rule:
(6.7)

n
Crmap = argmax [ ] P(X«|Ci)
k=1

2) The KNN Classifier: The k-Nearest Neighbor (KNN) is a supervised classification
method that simply stores the training samples in its learning phase. During the evaluation of
a new sample, the KNN first computes the similarity between the sample to its k-nearest
neighbors from training data, and then the sample is assigned to the class that occurs most
frequently in the k-nearest neighbors [113]. Although, the KNN is a simple classification
method without a model construction or parameter estimation phases, its performance highly
depends on the local information and sensitive to noise in the training data.

3) The SVM Classifier: The SVM is a state-of-art classification technique with extensive
applications in many real-world problems [21]. During the learning phase, the SVM
searches for a separating hyperplane with the largest margin between the positive and
negative samples in the training set. If the samples cannot be separated in the input space, the
SVM maps the input samples to higher dimensional spaces and searches the optimal
hyperplane in these spaces [21].
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6.1.3 Related Work

This section provides a brief overview of the existing BOW approaches in the context of
image analysis. The BOW model was first introduced to visual data in 2003 [114], and since
then it has been used in different fields of image analysis including image classification,
object detection, content based retrieval and so on.

There are three major tasks in BOW approach [107]: 1) keypoint detection and feature
extraction, 2) codebook generation, and 3) image representation. One of the most common
local interest point detection technique is Difference-of-Gaussian (DoG) [8], which is also
used in SIFT method to locate the scale-invariant keypoints in an image. The SIFT method is
the most widely used feature extraction algorithm in BOW [115].

The general approach in codebook generation is k-Means clustering [7], and several
variations of the k-Means algorithm are explored to address the limitations of the original
method [116, 117]. The size of the codebooks is also examined in the BOW model, and
different numbers of visual-words are studied in the literature. Typically codebooks of 1000-
words are recommended as a reasonable dictionary size in image analysis applications [102].

In the literature, there are several works to build more informative codebooks in the BOW
approach [103]. For example, a general framework is proposed in [118] to improve the
descriptive power of visual vocabulary for large-scale image applications, and in [119] the
class labels of images are exploited during the vocabulary construction process to form more
representative visual words.

Another BOW framework is presented in [120] considering the spatial relations between the
words and introducing so called “visual sentences” that allows ordered reading of the visual
words as in the case of text. In a recent work [121], the use of BOW model along with
weighted visual features is presented so that each image feature is associated to a weight that
shows the relevance of the feature to an image during the image representation phase of the
BOW model.

Although the BOW model is adapted from the text retrieval domain, and many applications
are successfully implemented in different fields of image analysis, there are major
difficulties in exploiting BOW to its full potential in image domain. For instance, one
difference between the textual and visual words is that the similarity of the visual-words
cannot be easily determined. For example, the words “hard”, “harder”, and “hardly” have all
the same root, and can be represented by a single word in text retrieval applications.
However, there is not such an analogy for visual-words, and hence the elimination of
irrelevant features is important in effectively applying the BOW model to images.

Another difficulty is the size and complexity of visual features are much more than those of

text documents, and applying a clustering method on the visual features generally results in

loosing the descriptiveness of the visual-words [118]. This problem can be solved by

building large codebooks, but this is limited by computational the performance of clustering

methods. Hence, obtaining a reduced set of image features, without losing information, is
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crucial in effectively applying the BOW model to image analysis, which is utilized in this
study by the use of distinctive features.

6.2 System Architecture

Our system architecture is composed of the training and test phases and described below:

1) The training phase of our classification system is shown in Fig. 2. There are three main
steps in the training phase: Feature Extraction, Codebook Generation and Feature
Mapping. In feature extraction step, the SIFT method is applied to the images of training
set and the 128-D SIFT descriptors are extracted. During the codebook generation, one
codebook is formed for each image class individually by training a separate SOM as can
be seen in Fig. 6.2. In this representation, each SOM unit represents a visual-word of the
codebook. The last step in the training phase is the feature mapping, where we map the
entire image features of each class to its codebook.

class-1 _som-1
X —~ ~
JE— SOM Feature
o Training L Mapping
Ao _
class-2
[E— =
| SIFT L S,OM, Feature
| Extraction Training Mapping
'R '/
Training
Set class-n
Lyl SQMI Feature
Training Mapping
SIFT Class Visual-Word
Features Codebooks Frequencies
A N AN A
YT e YT
Feature Extraction Codebook Generation Feature Mapping

Figure 6.2 The training steps of the classification system.

2) The test phase shown in Fig. 3 also consists of three steps, Feature Extraction,
Distinctive Feature Detection, and Classification. First, a similar feature extraction is
performed on test images except that the extraction is performed to the whole image in
the test phase and the extraction of object boundaries is done in the training phase.
Second, we perform the distinctive feature detection method to determine the significant
keypoints in images by analyzing the distances of local keypoints to different codebooks.
Third, we perform three different classification methods, NB, KNN and SVM, to assign
the class labels of unknown images using the distinctive features.
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Figure 6.3 The test steps of the classification system.

6.2.1 Codebook Generation and Feature Mapping

The codebook generation is one of the most important steps in the BOW model. The
predominant approach in codebook generation is k-Means clustering [7]. However, there are
some problems in the k-Means method; the cluster centers are set in high density regions, the
outliers can significantly affect the cluster centers, and so on. We select to use the SOM
clustering in the generation of class codebooks since it provides a topology-preserving
mapping of the input vectors, where the vectors that are close in the input space are mapped
to closer locations on the SOM output space [122].

Figure 6.4 shows a more detailed view of the codebook generation process shown in Fig. 2.
Each SOM unit is assigned a 128-bin weight vector and represents a visual-word for the

class.

The size of the codebook is determined using Equation 6.8.
S= 5 xJK (6.8)

, where K is the size of the descriptors used in SOM training.
Once the class codebooks are generated, the SIFT features of each class is mapped to the

corresponding SOM structure in the feature mapping step as shown in Figure 6.2. This
mapping provides two computations:
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e Visual-word frequencies: The count of each visual-word selected as bmu forms the
visual-word frequencies, which are used as the probability estimates of the visual-
words during the Bayesian classification.

e Image Representations: All training images are represented in terms of visual-word
histograms, and then used in SVM training.

SOM
128 | [| | :> training [:>

bit

oL L |

SIFT descriptors A sample codebook of size § =m™n
K = total number of input vectors (each unit on SOM is a visual-word)

Figure 6.4 The codebook generation and a sample SOM.

6.2.2 Our BOW Approach for Image Classification

In order to classify a new image, we first map the local features of the image to the class
codebooks by finding the closest visual-words from each codebook. Then, three different
classification techniques are performed on test images as shown in Fig. 3.

1) NB Classifier: Before applying the NB classifier, we need to identify the attributes and
classes along with the determination of the class conditional probabilities as described in
Section II. In our classification framework, the SIFT features extracted from a test image

form the attribute set {Xl,...., Xn} , and the codebooks represent the classes (C1,C2,...,Ck).

The naive assumption holds since the SIFT features are conditionally independent from each
other for each image class. The only parameter that needs to be maximized in (5)

is P(X | Ci), which can be restated as the probability of the distribution of the SIFT features

on class codebooks. This probability is computed from the visual-word frequencies as
described in the previous section.

2) KNN Classifier: The KNN classifier does not build a model in the training phase, and it
only requires a distance matrix. This matrix is formed by mapping the local features of a test

image to all codebooks as shown in Fig. 3.

More specifically, we first map the features of test images to all SOMs, and then normalize
the distance between a keypoint and visual-words using the average quantization error of
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each SOM. This normalization is necessary since the codebooks are built separately using a
different number of features in the training phase. Once the distance matrix of a test image is
computed, the KNN evaluates the matrix and assigns the most common class to the test
image.

3) SVM Classifier: The SVM classifier first builds a learning model using the
representation of images in the training set, and then applies this model in classifying test
images. We build binary SVMs using linear kernels under the “one-against-all” approach
[89]. At the end, one SVM is formed for each image class capable of classifying whether a
test image contains an instance of a class or not

6.2.3 Extraction and Utilization of Distinctive Features in Image Classification

Lowe in [8] shows that the SIFT features are highly robust in finding a correct match to a
new keypoint against a large database of features that includes the features extracted from
the images containing the same objects or scenes. Moreover, the incorrect matches
originated from the background or cluttered image regions can be filtered out by applying a
threshold on the ratio of the distances between SIFT key-points. A threshold value of 0.8
eliminates approximately 95% of incorrect matches while discarding only 5% of correct ones
[8]. But this method cannot be used directly in the BOW model, since the SIFT features are
represented by the visual-words in codebooks. Hence, a new way of detecting the distinctive
features is required for the BOW model to eliminate the keypoints in background regions.

Inspired by the distinctive keypoint matching approach in [8], we design a new distinctive
feature detection method exploiting the distances of local features to different codebooks of
image classes. Instead of setting up a global threshold, we compare the distance of a feature
to the first- and second-closest visual-words from two distinct codebooks, and retain a
keypoint only if the ratio of the two distances is smaller than a predetermined threshold
value.

The distinctive feature detection method is presented in Algorithm 1. Given a set of local
features and a number SOMs representing class codebooks, first each feature is mapped to
every codebook and the first- and second-closest visual-words from two distinct codebooks
are found. Then, the distance between the feature and these words are compared: If the ratio
of the distances is less than a threshold value, the feature is identified as distinctive,
otherwise it is assumed to be a background point and discarded.

The proposed method performs well in identifying the significant keypoints in an image
since the visual codebooks are formed by training a separate SOM using the features of
multiple images of the same class individually. For a local image feature, the point is either
selected as distinctive or eliminated as follows:

e A distinctive feature would have remarkably smaller distance to the first closest
visual-word than the second closest visual-word from a different codebook, since the
first codebook is formed using the features of the same objects, and the match is
correct. On the other hand, the second codebook is a formed using the features of
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different objects, which results in an incorrect match of the input feature.

e A background feature may produce a number of false matches with similar
distances, since both codebook matches are incorrect, and hence produces similar
distances in Algorithm 1.

Algorithm 6.1: Distinctive feature detection method.

Input: Set of codebooks{C1,Co.....,Cn}for N image classes, set of SIFT descriptors
{d1,d>.....,d«} extracted from a test image.

Output: Set of distinctive image features.

1: For each local descriptor dj € {d1,d2.....,dx}, calculate the distance of djto all
class codebooks.

disti,j = SOM_Map(Ci,dj)

2: Locate the first- and second-closest visual-words to djfrom two different

codebooks.

v-word: = index(min(disti, j)), where v-word: € Cm

v-word: = index(min(disti,j)), where v-word> € Cn andCm# Cn.

3: Select dj as distinctive if the distance ratio to the first- and second-closest
codebooks is under the threshold value of the closest class.

if (distm, j/distn, j) < threshold -Cu, dj is distinctive.

else discard d.

Figure 6.5 The distinctive keypoints of Figure.6.1.
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Figure 6.5 shows the keypoints after applying the distinctive feature detection method to
Figure 6.1.

6.3 The Effect of Threshold in Distinctive Feature Detection

The success of the distinctive feature detection method depends on the selection of an
optimal threshold value, since large threshold values result in many background points to be
selected and small threshold values cause to eliminate some significant keypoints. Therefore,
finding an optimal threshold value for each class is crucial in computing the distinctive
image features.

In order to investigate the effect of the threshold value in distinctive feature detection, we
perform several experiments using KNN in classifying car objects. The true positive (TP)
and false positive (FP) counts for 961 car objects is given in Table II. We select the KNN
classifier in these experiments since it is more sensitive to individual image features than NB
and SVM are.

Table 6.1: The Effect of Threshold in Classification (TP and FP rates for car class).

3-NN 5-NN 7-NN
Threshold Unclassified Classified
FP TP FP TP  FP
0.80 505 456 419 37 427 29 439 17
0.85 293 668 597 71 617 51 622 46
0.88 246 715 633 82 655 60 691 24
0.95 127 834 563 271 674 160 693 141
1 0 961 387 574 463 498 521 440

In this experiment, we use the images containing car objects, and utilize all available
codebooks generated previously in distinctive feature detection method (Algorithm 6.1). For
each threshold value shown in Table II, we run Algorithm 6.1 and use the remaining features
for the classification process. We use 3 different k values in the KNN classifier: 3, 5, and 7,
respectively, and if an image has less than 3 distinctive keypoints, it is labeled as an
unclassified image.

First, the threshold value of 0.8, which is proposed by Lowe [8] for an optimum keypoint
matching, results in 53% of the test images, nearly all features are eliminated by Algorithm
1. The main reason in this result is that the computations in [8] are directly performed using
SIFT features, and we compare the distance of keypoints to visual-words, which are not the
exact SIFT features but their closest matches in codebooks.
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Secondly, increasing the threshold values decreases the number of unclassified images, but
also increases the TP and FP rates at the same time. The optimum threshold value for the car
class is found 0.88, which results in a TP rate of 72% when K is 7. The optimum threshold
values are found similarly prior to applying the distinctive feature detection method.

6.4 Codebooks Generated by SOM and k-Means

We also investigate the effect of SOM and k-Means methods in codebook generation with
varying codebook sizes by running a number of experiments. The k in k-Means is chosen the
same as the size of the SOM. Table III shows some statistics about the classes used in this
experiment and the size of the codebooks calculated by applying Equation 6.8.

6.4.1 Average quantization errors of codebooks

Table 6.2 presents the average quantization errors of the codebooks generated by both
methods. These are the average distances between the SIFT features to the codebooks for
each image class, which are obtained by mapping all of the features in the training set to the
corresponding codebooks. As can be seen in Table 6.2, the input features are closer to the
cluster centers generated by SOM compared to k-Means, which results in less quantization
errors. The reason behind this result is the application of the neighborhood function in SOM,
which forces to update the cluster center along with its neighbors.

Table 6.2: Average quantization Errors in k-Means and SOM Clusters

Classes k-Means SOM
car 15.23 9.71
cat 17.91 9.83
cow 23.67 9.87
motorbike 27.15 9.97
person 19.28 9.88
Average 20.65 9.85

6.4.2 Effect of codebook size in classifications:

We run several experiments using all SIFT features and only distinctive features to
investigate the effect of the size of the codebooks, and compare the SOM clustering with k-
Means clustering in the context of our classification system.

First, we employ SVM classifier using all features, and present the result for classifying the

motorbike class (Figure 6.6). Increasing the size of codebooks improves the SVM
classification performance in both clustering methods. However, the improvement in SOM is
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higher than that in k-Means, and for the codebooks of size 500-words and less, both methods
give similar performance results.

SVM classification class: "M bike'
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Figure 6.6 The effect of codebooks generated by k-Means and SOM in SVM classification.

Secondly, we evaluate the effect of different codebooks using the KNN classifier, with k =5,
using distinctive features. The result in classifying the person class is shown in Figure 6.7.
The performance of KNN also increases with large codebooks, and similarly, both SOM and
k-Means produce similar performance results for small codebooks.

Finally, we test the NB classifier using distinctive features to classify the car objects in
Figure 6.8. Since NB uses the word-frequencies that are calculated in the training phase, this
experiment gives more information on the effect of the codebooks in the classification
process than the previous tests performed in this section. When average precisions are
compared, a 1000-word codebook generated by the SOM performs better than a double-sized
codebook formed by k-Means. Hence, the SOM method generates more informative clusters
than the k-Means, which is one of the major contributions of this paper in image analysis.

To sum up, increasing the codebook size has a positive impact on the classification
performance to some degree (e.g. 2000-words). The SOM builds more informative
codebooks than k-Means does in general, and for small-sized codebooks, both methods
perform similar results, and the impact of the clustering method is not so significant in the
classification performance.
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k-MM classification for class: 'Person’
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Figure 6.7 The effect of codebooks generated by k-Means and SOM in KNN classification.
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Figure 6.8 The effect of the codebooks generated by k-Means and SOM in NB classification.
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CHAPTER 7

EXPERIMENTS

In this chapter, we present the results of the experiments conducted on benchmark datasets to
demonstrate the effectiveness of the visual analysis system in high-level semantic extraction
introduced throughout this dissertation. We also express major contributions achieved by the
methods introduced by low-level feature modeling and its effects on classifier learning,
feature weighting and fusion as described in previous chapters.

In order to give a better understanding of the potential applications and methods in bridging
the semantic gap challenge in visual analysis, we performed several experiments on a
benchmark image collection [123]. During the implementation of image classification
system, we first run the training steps and build several SVM classifiers. Then, we perform
several test sessions using different classifiers and evaluate them on test images. Finally, we
perform the high-level classifier fusion approach to obtain the combined classifier decision.

We compare the results of the approaches applied in this dissertation and their effects on
classifier performance results in several ways:

e First, we evaluate the performance of single classifiers trained by different MPEG-7
features. In this scheme, we run both classical and fuzzy SVM learning algorithms
introduced in Chapter 4. This provides an initial demonstration of both the learning
capacity of both SVMs along with the discrimination of MPEG-7 descriptors utilized
in the dissertation.

e Secondly, after having all individual classifications, we try different fusion methods
such as majority voting and weighted majority weighting along with the DS fusion
introduced in Chapter 5. This enables both the comparisons of different fusion
methods and their effects on traditional and fuzzy learning methods. We also utilize
the low-level feature weight in this section to assess the method and its effects in high-
level fusion.

e Thirdly, we run a different test session solely applying the methods introduced in
Chapter 6. These are the utilization of SOM-based visual codebooks and distinctive
SIFT features in BOW model. We also evaluate the effectiveness of SOM in codebook
generation by generating a number of codebooks both with SOM and k-means
clustering methods. In the experiments, we also evaluate Bayesian and KNN classifier
along with the SVM.

e Finally, we run experiments to compare the results obtained in different classification
schemes, specifically we take the best single SVM and fuzzy SVM from first runs,
different fusion results and BOW approach in a single view. We also compare our
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results against the top-performed works that use the same dataset in the literature.

The organization of the rest of this chapter is as follows:

e Section 7.1 present the training and test phases of the classification system by
describing the steps performed in each phase,

e Section 7.2 gives information about the data set used during the experiments
including the object classes, and the evaluation metrics used in this set.

e Section 7.3 explains the selected MPEG-7 descriptors along with the basic tasks
applied in the extraction and preparation of the low-level features in the system.

e Section 7.4 presents the results of individually trained binary classifier applied on
the test data and compares the effect of fuzzy learning in the classification system,

e Section 7.5 present the results obtained in the fusion step of the system, in which we
apply different classifier combinations on individual classifiers trained by SVM and
fuzzy SVM,

e Section 7.6 is related to the experiments for evaluation of our approach in BOW
model, in which the visual codebooks are generated by training separate SOMs. We
demonstrate the results obtained by three different classification techniques: NB,
KNN and SVM, both with and without the use of distinctive SIFT features.

e Finally, Section 7.7 summarizes the entire tests in the scope of image classification,
present the major improvements achieved in the dissertation. We also give
comparisons of our methods to the top-performing published works in the literature.

7.1 The Training and Test Steps Applied in Image Classification

In this section we give a detailed view on the implementation of the tasks performed in
training and test data sets. Our image classification system is based on supervised learning,
and hence the whole process is performed in two different modes, training and test,
respectively. During the training phase, we work on the images in training data collection
using the available class annotations, and in the test phase we run different experiments to
evaluate the performance of our classification system on test data.

As can be seen in the functional view of the overall system in Figure 3.2, we first run the
tasks in the training phase, and form the structures that are used in high-level feature
extraction process, such as the SOM networks, the SVM classifiers, feature weights, and so
on. Then, these models and structures are utilized in the Test phase of the system to detect
the high-level semantic information in unlabeled test data. In the following sections, we
explain the design of the training and test phases, respectively.

7.1.1 Training Design in Image Classification

The training phase of the system is shown in Figure 7.1. The main tasks can be grouped into
four layers: 1) Feature extraction, 2) SOM construction, 3) Feature mapping, and 4)
Classifier learning.
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Figure 7.1 The training phase of our classification system.

The training phase of the proposed concept detection system is designed as a multi-layered
sequential process, and each task corresponds to a layer described in Section 3.1. Figure 7.1
shows the individual steps performed in training, where starting from a set of training images
and target concepts, several binary concept classifiers and feature weights are built for each
concept. The steps performed in the training phase are presented in Algorithm 7.2.

The training phase starts with segmentation process. In this step; the training images are
divided into homogenous regions followed by the annotation task, in which the important
image regions are assigned using keywords. After the annotation step, feature extraction is
performed on the labeled image regions and a number of low-level visual features are
extracted locally. Then, the required data files are prepared, and individual SOMs are
constructed for each concept using the positive samples of the training set in the Feature
Mapping layer. Next, we calculate the membership degrees of the training vectors utilizing
the class-based trained SOMs by mapping the low-level features on them to determine the
bmu hits for each image class and feature type followed by the clustering algorithm
presented Algorithm 5.1. The final step in the training process is the classifier learning tasks,
in which we train a number of binary classifiers applying both the classical and fuzzy
learning methods in SVM. Another task in the final step is to analyze the entropy of the
feature distributions on SOM clusters, and determine the low-level feature weights as
described in Chapter 5.
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Algorithm 7.1: Implementation of the training phase

Input : A set of training images and semantic concepts
Output : A set of binary classifiers, and feature weights for each semantic concept
1: Perform segmentation on the input images

[img_regions] = Segment(train _images)
2: Assign keyword annotation to the regions
[annotated_regions] = Annotate(img_regions,concepts)

3: Extract low-level features from the annotated regions locally

[low_level features] = Extract(annotated regions)

4: Construct SOMs
[soms] = Som Make (low_level features™,concepts)

5: Calculate the Memberships
[memberships] = Calculate Membership(low_level_features,soms)

6: Apply SOM clustering

[clusters] =2d SOM_Cluster(low_level_features*,soms)
7: Train SVMs and Fuzzy SVMs

[svms] = SVM Train(low_level features)

[fsvms] = Fuzzy SVM_Train(low_level features, memberships)
8: Determine feature weights

[feature weights] = Entropy Calculate(clusters, concepts)

7.1.2 Test Design in Image Classification

Figure 7.2 shows the steps performed on test data. The test phase can be viewed in three
main steps: 1) Feature extraction, 2) Classification, and 3) High-level fusion. Fusion step is
the most critical part in test phase, since the final decision related to a test image is given in
this step, and we utilize a novel fusion approach in the scope of our classification framework.

The first step of the test is low-level feature extraction, where the same extraction process
similar to training is applied on test regions. After the features are obtained from test regions,
the corresponding concept classifiers are evaluated and individual classification results are
generated. One important point in classifier evaluation that differs from the previous works
is that we perform a probabilistic classification model in this step. The classifiers return both
the sign of the evaluation and the strength of the classification at the same time. This value
represents the classifier’s degree of confidence and later used in fusion step. The third and
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last step of test phase is high-level classifier fusion, where the single classifier results are
merged to produce the final results related to a test region. The fusion step is performed by
applying a modified DS combination rule, where the feature weights determined in training
phase, the single classification results and their confidences are merged.

Initial Data Low e Classification Sindle

Processing Results Fusion Results
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Classifier
Decisions ||

-.____/_.

Test Feature SVM i DS

y Extraction Classification Combination
Collection Probability|

Estimates | -
_‘/——
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Figure 7.2 The test phase of our classification system.

Algorithm 7.2 depicts the tasks performed in the test of the system. The test process is much
simpler than the training, and a set of test images are examined to determine the high-level
concepts.

Algorithm 7.2: Implementation of the test phase

Input : A set of test images and target concepts
Output : High-level semantic concepts detected in the images
1: Extraction of the low-level features from images.

[low_level features] = Extract(img _regions)

2: Perform classification using both SVMs and Fuzzy SVMs
[decision _svms,confidence svms] = Classify (svms, low_level_features)
[decision _ fsvms,confidence fsvms] = Classify (fsvms, low_level_features)

3: Apply high-level fusion on classifier outputs.
[final _decision svms] =
DS Combination(decision _svms,confidence svms, feature _weights)
[final _decision _ fsvms] =
DS Combination(decision _ fsvms,confidence fsvms, feature weights)

83



7.2 Dataset and Evaluation Metric

In this section, we first provide information about the data set used during the
implementation training and test phases together with the image classes used. Then, we
describe MPEG-7 features selected as the low-level features in the implementation of our
system along with classifier evaluation metrics.

7.2.1 Dataset

In order to show the effectiveness of our approaches in obtaining high-level semantic
information from visual data, we conduct experiments on PASCAL Visual Object Classes
(VOC) 2007/2008 collections [123], which are benchmark datasets for the classification and
detection of visual objects by providing a standard set of images with annotations.

We select the VOC dataset in our evaluations due to the following reasons:

e The VOC dataset is publicly available to researchers and contains enough number of
images for implementing the models presented in this dissertation,

e A large number of natural images are collected from the web, in which the images
are categorized into 20 semantic classes, and each class has more than 200 images in
training and test collections,

e The dataset also provides the object annotations publicly available,

e There major objective of our thesis is enabling better classifications on images,
which is one of the main challenges in organizing the VOC dataset,

e The dataset contains some challenging images, since the images are not are not
produced for image analysis purposes,

e There are many works presented on this dataset, a standard evaluation methodology
provided by the dataset makes it possible to make comparison with published works.

The VOC dataset is formed by annotating user photographs collected from the Flickr photo-
sharing web-site. This contains over 10.000 images in three collections: train, validation and
test, and categorized into 20 semantic classes. There are nearly 24.600 object annotations in
the classes as shown in Table7.1.

We used 10 out of the 20 available classes in our implementations, and build binary
classifiers for each class individually. Table 7.1 presents the classes that are used in our
experiments along with the total number of samples in training and test sets.

The VOC images include a wide range of viewing conditions, such as lighting, pose, and so
on. An image can include more than one object classes, and each class in an image is
annotated using the following attributes:

e C(Class: one of the following semantic labels: airplane, bird, bicycle, boat, bottle, bus,
car, cat, chair, cow, dining table, dog, horse, motorbike, person, potted plant, sheep,
sofa, train, and tv/monitor.

e A bounding box: The bounding box in an image that includes a specific object.
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Table 7.1: The classes and number of images used in the experiments.

TRAIN TEST
Classes image object image object
airplane 238 306 204 285
boat 181 290 172 263
car 713 1250 721 1201
cat 337 376 322 358
cow 141 259 127 244
horse 287 362 274 348
motorbike 245 339 222 325
person 2008 4690 2007 4528
sofa 229 248 223 239
tv/monitor 256 324 229 308
Total 4635 8444 4501 8099

7.2.2 Evaluation Metric
Up to 2005 and 2006 VOC challenges, the evaluation measure for the classification
performance was ROC curve. Since then, it is changed to AP. For a given class, the
performance of a classifier is evaluated as follows [ ]:
e The precision/recall curve is computed from classifier outputs,
e Recall is defined as the proportion of all positive examples ranked above a given
threshold,
e Precision is used as the proportion of all examples above that threshold from the
positive class,
e The AP summarizes the shape of the precision/recall curve, and is defined as the
mean precision at eleven equally spaced recall points: (0,0.1.. ,1).

The precision at each recall level is interpolated by taking the maximum precision measured
for a method. This AP-based evaluation provides the following advantages over the
previously used ROC/AUC curve:
o The sensitivity in classifier evaluations is improved,
e The AP or MAP gives better interpretability in visual analysis, since the aim is
achieving the true positives as early as possible,
e The evaluation also enables increased visibility of performances for low recall
classes [ ].

7.3 Extraction and Preparation of Low-level Features

In the extraction low-level visual features for classification learning tasks, we select to
implement the visual part of the MPEG-7 standard. Since, the MPEG-7 provides a standard
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set of low-level visual features, and used in a large amount of published work in the
literature. In this section, we briefly introduce the MPEG-7 descriptors, and their preparation
in the scope of our classification system.

7.3.1 The MPEG-7 Descriptors
We select 5 out of the 8 visual descriptors from the MPEG-7 standard as follows:
e Three color features, Color Layout Descriptor (CLD), Color Structure Descriptor
(CSD), and Scalable Color Descriptor (SCD),
e One texture feature, Edge Histogram Descriptor (EHD), and
e One shape based feature, Region Shape Descriptor (RSD).

The reason for choosing them as low-level features is that they provide the most
independently formed features, which provide high discriminations in image analysis. The
comprehensive analysis and statistical comparison of MPEG-7 descriptors can be found in
[17].

The feature extraction task is implemented by employing the MPEG-7 XM reference
implementation [18], and at the end of this process we extract 5 different low-level features
independently for each image or image region. We use the following parameters during the
feature extraction:

e The NumberOfYCoeff and NumberOfCCoeff parameters of CLD are quantized to 6

and 3 bins, respectively,
e The CSD is quantized to 256 bins (e.g. ColorQuantSize=256),
o The coefficients in SCD is set to 256 (e.g. NumberOfCoefficients=256).

An example XML file generated by applying the feature extraction process to a sample
image is shown in Figure 7.3.

7.3.2 Data Preparation

The low-level visual features of training data are used in the following tasks, as can be seen
in Figure 3.1: 1) In SOM construction, membership calculation and feature entropy analysis
tasks of Feature Modeling Layer, and 2) SVM training in Learning Layer. Once the low-
level features are obtained from the annotated image regions, a number of pre-processing
tasks are performed on them in order to prepare the required feature vectors, which can be
used in different computations in the scope of our visual analysis system.

During the implementation of the concept detection system, the low-level features extracted
from the training set are used in the following computations:
1) SOM Training: A separate SOM is constructed for each concept and descriptor type
utilizing the positive samples as defined in Section 4.3.
2) Membership Calculation: The membership calculation is performed on each training
vector to determine the membership values as explained in Section 4.4.
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3) Classical SVM training: We have also trained independent SVMs in a similar manner
with fuzzy training without considering the memberships.

4) Fuzzy SVM Training: We have trained fuzzy SVMs for each high-level concept and
descriptor type using all the training samples and the computed membership values, as
described in Section 4.5.

We illustrate a sample data preparation example and provide two sample images and
corresponding region annotations in Figure 7.4. Table 7.2 and Table 7.3 show the utilization
of the regions along with the class labels of the regions shown in Figure 7.4 in SOM
construction and SVM training tasks, respectively. Also the utilization of regions in
membership calculation and SOM clustering processes are provided in Table 7.4.

R1: vegetation

R2: sky

R3: sea

R4: sky

R6: vegetation

R7: sea

Figure 7.4 Sample images with annotations.
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Table 7.2: Data preparation for SVM training in learning the Sky concept.

Region Used? Class
R1 Yes -

R2 Yes +

R3 Yes -

R4 Yes +

RS Yes -

R6 Yes -

R7 Yes -

Table 7.3: Data preparation for SOM construction .

Class Regions Used Class
Sky [R2,R4] +
Sea [R3,R5,R7] +
Vegetation [R1, R6] +

Table 7.4: The utilization of regions in membership calculation and entropy analysis for sky class.

Region  Used? (Membership)  Used?

(Entropy Analysis)
R1 Yes No
R2 Yes Yes
R3 Yes No
R4 Yes Yes
RS Yes No
R6 Yes No
R7 Yes No

The low-level features extracted from the test images are used solely used as input to test the
SVM and fuzzy SVM classifiers in the classification system.
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7.4 Classification Results of Single Classifiers

In this section we provide the classification results of individual SVM classifiers trained by
distinct visual features, and investigate the effect of fuzzy learning in our classification
system.

Table 7.5 and Table 7.6 present the AP results obtained from individual classifiers trained by
SVM and fuzzy SVM techniques. Before presenting the test results, we exclude the
classifiers trained on the RS descriptor in the comparisons since the descriptor usually
generates poor classification results in both SVM and fuzzy SVM schemes, in which it
returns less than 1% of the positives in some classes such as cat and horse classes.

Table 7.5: Individual Classification Results (SVM).

Method Classes MPEG-7 Features
CL CST EH RS SC Average
airplane 0.49 0.47 0.54 0.07 0.36 0.39
boat 0.45 0.49 0.31 0.12 0.41 0.36
car 0.52 0.55 0.61 0.16 0.52 0.47
SVM cat 0.28 0.45 0.34 0.00 0.36 0.29
cow 0.24 0.29 0.25 0.01 0.27 0.21
horse 0.22 0.46 0.42 0.00 0.42 0.30
motorbike  0.01 0.39 0.47 0.00 0.37 0.25
person 0.53 0.64 0.69 0.32 0.63 0.56
sofa 0.27 0.14 0.25 0.00 0.22 0.18
tv/monitor  0.30 0.26 0.24 0.00 0.32 0.22

Table 7.6: Individual Classification Results (Fuzzy SVM).

Method Classes MPEG-7 Features
CL CST EH RS SC Average

airplane 0.49 0.48 0.56 0.19 0.39 0.42
boat 0.47 0.48 0.33 0.18 0.44 0.38
car 0.54 0.57 0.61 0.25 0.54 0.50

FSVM cat 0.29 0.46 0.38 0.00 0.4 0.31
cow 0.27 0.30 0.29 0.02 0.28 0.23
horse 0.29 0.52 0.45 0.00 0.44 0.34
motorbike  0.00 0.43 0.51 0.00 0.39 0.27
person 0.56 0.69 0.72 0.41 0.65 0.61
sofa 0.29 0.18 0.27 0.00 0.25 0.20
tv/monitor .31 0.26 0.28 0.00 0.35 0.24
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When we compare the individual classification results shown in Table 7.5 and Table 7.6, the
texture- and color- based features outperform shape-based feature (e.g. RS) both in classical
SVM and Fuzzy SVMs. For some classes, such as boat, the color features perform better
than the texture feature (e.g. EH), and for some classes, such as car or person, the texture
feature produces the best classification scores.

Table 7.7 shows the mean AP scores (MAP) obtained in the experiments by SVM and Fuzzy

SVM classifiers. For all image classes, the fuzzy approach has improved the classification
performance; the highest improvement is achieved in horse class by 12.7%.

Table 7.7: Comparison of single classifiers in SVM and fuzzy SVM.

Classes MAP SVM MAP Improvement

FSVM (%)
airplane 0.39 0.42 8.94
boat 0.36 0.38 6.72
car 0.47 0.50 6.40
cat 0.29 0.31 6.56
COwW 0.21 0.23 10.73
horse 0.30 0.34 12.69
motorbike 0.25 0.27 7.48
person 0.56 0.61 7.71
sofa 0.18 0.20 11.17
tv/monitor 0.22 0.24 8.04
Average 0.32 0.35 8.64

We also present the initial experimental results to analyze the effect of our fuzzy learning
approach with a different membership function in [124]. We use a smaller dataset for these
experiments, the VOC 2006 collection, which includes images taken with the purpose of
capturing certain large objects and enables a more appropriate evaluation of fuzzy learning
approach in image classification.

In the evaluation, we present the classifier results using Precision, Recall and F-score basis.
Table 7.8 shows the results obtained by SVM and fuzzy SVMs learning approaches using the
membership function in [124][ ].

Fuzzy SVM has increased the recall rates up to 40% (for person class) and F-measure up to
23% (for motorbike class). We notice that the improvement achieved by Fuzzy SVM on poor
descriptors, i.e. in terms of reduced classification accuracy, is far more than the rich ones. To
make it clearer, fuzzy SVM increases the RS classifier’s F-score performance from 16% to
40% in car class, but the effect is less than 1% using the SC feature.
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Table 7.8: Comparison of methods on VOC 2006 dataset using MAP.

SVM FSVM
Classes Precision Recall F-score Precision Recall F-score
car 0.80 0.55 0.65 0.58 0.70 0.64
cat 0.62 0.27 0.38 0.56 0.35 0.43
cow 0.74 0.36 0.49 0.70 0.39 0.50
horse 0.51 0.16 0.24 0.47 0.21 0.29
m.bike  0.76 0.19 0.30 0.67 0.26 0.37
person  0.67 0.52 0.58 0.55 0.73 0.63

The main impact of fuzzy learning approach in SVM training is an increase in recall but a
decrease in precision, in other words it increases the number of retrieved true positives and
false positives at the same time. Moreover, we observe that the effect of fuzzy approach
highly depends on the performance of the classifiers, in which the improvements achieved
by fuzzy approach in poor descriptors are higher than the good ones, in general. For
example, the increase in recall for person class applying CLD classifier, which is the worst
descriptor in this class (discarding RSD), is nearly 38%. However, the increase in recall on
the same class is less than 4% for the EHD, which is the best concept classifier for the
person class.

In the following figures, we provide the class-based evaluations obtained using the VOC
2006 dataset.

SVM
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Figure 7.5 Effects of DS-fusion in classical SVM (MAP).
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Figure 7.6 Effects of DS-fusion in fuzzy SVM (MAP).
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Figure 7.7 Effects of DS-fusion in classical SVM (F-measure).
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Figure 7.8 Effects of DS-fusion in fuzzy SVM (F-measure).
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Figure 7.9 F-measure results of SVM and fuzzy SVM (car class).
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Figure 7.10 F-measure results of SVM and fuzzy SVM (cow class).
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Figure 7.11 F-measure results of SVM and fuzzy SVM (horse class).
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Figure 7.12 F-measure results of SVM and fuzzy SVM (motorbike class).

7.5 Combined Classification Results

In this section we present the results obtained in fusion process. As described in Chapter 5,
we apply a decision-level fusion on single classifier outputs to obtain final results in
classifying the test images. In order to express the improvement provided by DS and
Weighted (DS) combinations, we compare the results generated by the best single SVM
classifiers with the combined results for each image class, and provide the AP scores in this
section.
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Table 7.9 and Table 7.10 depict the results obtained by best single SVM along with the
combined results generated by four different fusion schemes: Majority Voting (MV),
Weighted MV (W-MV), DS, and Weighted DS (W-DS) fusions, respectively.

Table 7.9: MAP scores of best single classifier and fusion in classical SVM.

Best Majority Weighted DS Weighted

Method Classes Single Voting (MV) MV Fusion DS Fusion
airplane 0.54 0.44 0.46 0.55 0.58
boat 0.49 0.42 0.45 0.53 0.54
car 0.61 0.53 0.57 0.62 0.66
cat 0.45 0.36 0.39 0.44 0.48
SVM  cow 0.29 0.23 0.27 0.27 0.31
horse 0.46 0.37 0.41 0.54 0.57
motorbike 0.47 0.41 0.44 0.48 0.53
person 0.69 0.60 0.64 0.67 0.70
sofa 0.27 0.22 0.25 0.27 0.29
tv/monitor 0.32 0.28 0.31 0.32 0.33
Average 0.46 0.39 0.42 0.47 0.50

Table 7.10: MAP scores of best single classifier and fusion in fuzzy SVM.

Best Majority Weighted DS Weighted

Method Classes Single Voting (MV) MV Fusion DS Fusion
airplane 0.56 0.45 0.49 0.60 0.65
boat 0.48 0.43 0.47 0.52 0.59
car 0.61 0.55 0.58 0.63 0.70
cat 0.46 0.41 0.42 0.45 0.49
FSVM  cow 0.30 0.29 0.29 0.29 0.34
horse 0.52 0.47 0.48 0.58 0.66
motorbike 0.51 0.44 0.46 0.53 0.57
person 0.72 0.65 0.68 0.71 0.78
sofa 0.29 0.26 0.27 0.32 0.35
tv/monitor 0.35 0.31 0.32 0.34 0.40
Average 0.48 0.42 0.44 0.50 0.55

First, when we compare the best single classifiers and voting schemes, both MV and W-MV
combinations do not produce better results. This is mainly caused from the adverse effect of
the poor classifiers in the fusion. However, the W-MV performs better than MV, which
shows the effect of feature weights in the combination.
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Secondly, the DS combination produces better results than the voting schemes. However,
compared to the best single SVMs, the DS has different effects on classifier performances:
for some classes, such as the boat or horse, it increases the classification results, but for
some classes, such as the cat and person, the DS also decreases the performance of best
SVM.

Thirdly, the use of low-level feature weights in DS fusion has a positive impact on classifier
combination, in which the W-DS has produced the best classification results for all classes.
When we compared the results of best single SVMs to the W-DS, we obtain performance
increases up to %24 and %26 for the horse class, in SVM and fuzzy SVM methods,
respectively.

Table 7.11 shows the AP results obtained by DS and W-DS in SVM and fuzzy SVM
schemes. As can be seen in the table, the use of low-level feature weights has a positive
impact on the combined results. When we compare the DS and W-DS results, the latter has
an improvement by 15% to former (car class) in SVM, and 18% in fuzzy SVM (tv/monitor).

Table 7.11: Effect of feature weights on combined results.

SVM FSVM
Classes DS W-DS Improvement% DS W-DS Improvement%
airplane 0.55 0.58 5.45 0.60 0.65 8.33
boat 0.53 0.54 1.89 0.52 0.59 13.46
car 0.62 0.66 6.45 0.63 0.70 11.11
cat 0.44 0.48 9.09 0.45 0.49 8.89
cow 0.27 0.31 14.81 0.29 0.34 17.24
horse 0.54 0.57 5.56 0.58 0.66 13.79
motorbike  0.48 0.53 10.42 0.53 0.57 7.55
person 0.67 0.70 4.48 0.71 0.78 9.86
sofa 0.27 0.29 7.41 0.32 0.35 9.38
tv/monitor ~ 0.32 0.33 3.13 0.34 0.40 17.65
Average 0.47 0.50 6.87 0.49 0.55 11.7

We compare the results of W-DS combinations in SVM and F-SVM in Table 7.12. The
effect of fuzzy learning approach in SVM on the combined classifier results is similar to the
individual SVMs, which ranges from 2% (cat) to 21% (tv/monitor).
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Table 7.12: Effect of fuzzy learning on combined results (W-DS).

W-DS Fusion W-DS Fusion

Classes (SVM) (FSVM) %

airplane 0.58 0.65 12.07
boat 0.54 0.59 9.26
car 0.66 0.70 6.06
cat 0.48 0.49 2.08
COwW 0.31 0.34 9.68
horse 0.57 0.66 15.79
motorbike 0.53 0.57 7.55
person 0.70 0.78 11.43
sofa 0.29 0.35 20.69
tv/monitor 0.33 0.40 21.21
Average 0.50 0.55 11.6

7.6 Classification Results in BOW Model
In order to show the performance of our BOW approach described in Chapter 6 in image

classification, we set up several experiments using the same VOC dataset [123]. We
construct the visual codebooks by training separate SOMs individually, and then utilize them
in the experiments.

In this section, we have explored the performances of different classification techniques

along with the impact of distinctive features on these techniques in the classification of test

images. For each test image, we evaluate the classifiers using two different inputs: the entire
SIFT features extracted from an image, and only the distinctive SIFT features.

The features obtained from training set are used for the following tasks:

Construction of codebooks: One separate SOM is built for each object class in order
to represent the codebook of the class.

Computation of visual-word frequencies: For each image class, the probabilities of
visual-words are computed using the hit frequencies obtained in feature mapping
step of the training phase.

Representation of training images: The representation of images is required in
learning SVM classifiers for each object class. The SIFT features of the entire
training data is mapped to each SOM individually, and the images in the training set
are represented by the codebook histograms obtained in this mapping.

Determination of thresholds: The determination of the optimal threshold values is
required before applying the distinctive features presented in Chapter 6. Hence, we
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determine the optimal threshold values for each image class by applying a five-fold
cross-validation on the training data [90].

The features extracted from test images are used in the following computations:
o Detection of distinctive features: We apply the distinctive feature detection method
to determine the distinctive features in a test image.
e Representation of test images: Similar to the training phase, each image in the test
set is also represented in terms of codebook histograms by mapping the features of
each image to the codebooks. These vectors are used as input in the SVM classifier.

7.6.1 Experimental Results and Performance Evaluation in BOW

We present the classification results of 10 object classes of our classification system in Table
7.13. The AP is used as in the experiment to enable a direct comparison of our BOW-based
classification results with the previous methods and other published works using the same
dataset [123].

The evaluation of the results is discussed according to the inputs used during the tests:

a) Classification using all features: When all image features are used in classifying the test
images, the SVM has produced the best performance. The SVM, in general, has high-
generalization capability and less prone to outliers than the NB and KNN classifiers, which
makes SVM outperform NB and KNN methods even classifying noisy images.

When we compare the classification performances of NB and KNN, the former is superior to
the latter. The main reason in this result is that the NB utilizes the visual-word frequencies,
which are computed in the mapping of the images to the corresponding codebooks during the
training phase of the classification system. To make it clearer, considering a background
keypoint in an image, the effect of the point in NB classifier is proportional to the frequency
of the matching visual-word in all classes, and since the word is an incorrect match, the
word-frequency is most probably low. However, the matching visual-word is used directly in
the KNN classification.

b) Classification using distinctive features: First, the utilization of the distinctive features
significantly increases the performances of NB and KNN classifiers. Specifically,
considering the object classes with an average precision of over 20%, the average increase
achieved by using the distinctive features is 57% in KNN and 45% in Bayesian
classifications. The distinctive features improve the KNN in classifying noisy objects.

Secondly, the utilization of distinctive features does not contribute the SVM, and degrades
the classification performance by 15% on average, since the SVM uses image
representations in terms of visual-word histograms in its learning phase, and applying the
distinctive feature method on the training images produces a reduced set of features in SVM
learning. This makes SVM to loose some information during the training phase.
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Table 7.13: The classification results obtained by BOW model (AP).

SVM K-NN NB
Classes All Feat. Dist.Feat. All Feat. Dist.Feat. All Feat. Dist.Feat.
airplane 0.76 0.73 0.39 0.51 0.49 0.72
boat 0.69 0.63 0.72 0.24 0.38 0.69
car 0.75 0.65 0.34 0.55 0.45 0.75
cat 0.57 0.45 0.21 0.31 0.31 0.50
cow 0.42 0.36 0.06 0.17 0.22 0.39
horse 0.76 0.71 0.20 0.38 0.40 0.76
motorbike 0.61 0.54 0.13 0.28 0.43 0.59
person 0.84 0.77 0.43 0.59 0.62 0.77
sofa 0.46 0.33 0.33 0.14 0.33 0.43
tv/monitor 0.50 0.43 0.12 0.17 0.34 0.50
Average 0.63 0.56 0.35 0.33 0.40 0.61

If we compare all classification schemes, the best results are achieved by either the SVM
using all features or NB using distinctive features as can be seen in Table 7.13. The effect of
using the distinctive features is observed in NB classification such that for 4 image classes
(boat, car, horse, and tv/monitor) the NB has resulted in nearly the same classification
performances as SVM. Additionally, for some classes, such as airplane and person, the
SVM classifier using distinctive features also produces better or comparable results
compared to NB using distinctive features.

7.7 Overall Evaluation and Comparison with Previous Works

In this section, we first provide the overall classification results obtained in our visual
analysis system, and then compare the results to the top-performing methods [125-128] using
the same dataset.

Table 7.14 shows the overall classification results obtained by different methods using either
the MPEG-7 visual features or SIFT features described in this dissertation. We put the best
results in the table obtained in each classification scheme. To make it clearer, the left-most
three columns in Table 7.14 depicts the results of, 1) SVM classifier using all SIFT features,
2) NB classifier using distinctive SIFT features, and 3) and K-NN classifier using distinctive
SIFT features. As mentioned in Chapter 6, these are the top-performing results obtained in
our BOW approach. The remaining columns in the table are the results obtained using the
MPEG-7 visual features, in which we use single best SVM, MV, W-MV, DS and W-DS
combinations, respectively.
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Table 7.14: The overall classification results (AP).

SIFT Features MPEG-7 Features (FSVM)

SVM NB KNN
Classes All Dist. Dist. S Best MV W-MV DS W-DS

airplane 0.76 0.72 0.51 0.56 0.45 0.49 0.60 0.65
boat 0.69 0.69 0.24 0.48 0.43 0.47 0.52 0.59
car 0.75 0.75 0.55 0.61 0.55 0.58 0.63 0.70
cat 0.57 0.50 0.31 0.46 0.41 0.42 0.45 0.49
cow 0.42 0.39 0.17 0.30 0.29 0.29 0.29 0.34
horse 0.76 0.76 0.38 0.52 0.47 0.48 0.58 0.66

motorbike 0.61 0.59 0.28 0.51 0.44 0.46 0.53 0.57
person 0.84 0.77 0.59 0.72 0.65 0.68 0.71 0.78
sofa 0.46 0.43 0.14 0.29 0.26 0.27 0.32 0.35
tv/monitor 0.50 0.50 0.17 0.35 0.31 0.32 0.34 0.40
Average 0.63 0.61 0.33 0.48 0.43 0.45 0.50 0.55

The best classifications are obtained either by the SVM using all SIFT features or the NB
classifiers using distinctive features. The W-DS using MPEG-7 visual features follows these
two classification schemes. Over the 10 image classes, the SVM using all SIFT features
results the best results for 6 classes, and for the remaining 4 classes both the SVM and NB
classifiers performs nearly the same (Table 7.14).

Finally, we put the result of previous works and our approaches introduced in this
dissertation are shown in Table 7.15. In the table, we provide the performance results of the
classifiers shown in Table 7.14 along with the published works in the VOC dataset. The
detailed information about the reference works can be found in [123].

When the classification results are compared, we achieve superior or comparable
performance results with the reference works in two schemes: 1) SVM classification using
all image features, and 2) NB classification using distinctive features. The success in SVM
classification originates from the codebook generation process performed in the system in
which a separate SOM is trained for each image class using the images that contain an
instance of that class. This approach produces more informative codebooks, which
eventually facilitates the performance in SVM classification. The second improvement is
based on the use of distinctive features, which eliminates the inverse effect of the irrelevant
keypoints in NB classification. None of the referenced works make use of such feature
elimination during their classification process [125-132].
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Our classification methods, especially the SVM using all SIFT features and the NB using
distinctive features are in top-performing classifiers. The W-DS and DS also outperform
some of the previous studies as can be seen in the Table 7.15.

Table 7.15: Comparison with previous works (AP).

References [22] a.pln boat car cat cow horse mbk. prsn. sofa tv/mn Avg.

INR-Gen. [129] 0.77 0.71 0.78 0.58 0.42 0.77 0.64 0.85 0.50 0.53 0.66

SVM-All 0.76 0.69 0.75 0.57 042 0.76 0.61 0.84 0.46 0.50 0.64
XRCE [130] 0.72 0.68 0.75 0.50 0.39 0.75 0.58 0.84 050 0.49 0.62
NB-Dist. 0.72 0.69 0.75 0.50 039 0.76 059 0.77 043 0.50 0.61

QMUL [129] 0.70 0.64 0.71 0.54 036 0.71 055 080 041 045 0.59
Weighted DS 0.65 0.59 0.7 0.49 034 0.66 057 078 035 040 0.55
UVA-Fuse [131] 0.67 0.58 0.61 041 027 0.69 0.51 0.79 0.36 0.40 0.53
INRIA-Lar. [22] 0.62 0.47 0.69 044 026 0.66 0.55 0.77 0.36 0.43 0.53
MPI BOW [132] 0.58 0.59 0.67 040 0.28 0.63 0.53 0.75 0.35 0.40 0.52

MCIP [132] 0.66 0.58 0.61 040 027 066 05 078 031 040 0.52
DS Fusion 0.60 0.52 0.63 0.45 029 058 053 0.71 032 0.34 0.50
Tsinghua [22] 0.62 049 0.62 035 0.21 0.65 048 0.76 032 033 048
Single Best 0.56 048 0.61 0.46 030 052 051 072 029 0.35 048
ToshCam [22] 0.59 040 0.60 033 0.17 063 053 0.77 0.31 0.37 047
KNN-Dist. 0.51 0.24 0.55 031 0.17 038 028 059 0.14 0.17 0.33
PRIPUVA 048 0.17 045 031 0.12 030 0.13 0.62 0.13 0.26 0.30
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CHAPTER 8

CONCLUSION AND FUTURE WORK

In this dissertation, we have presented a complete and domain-independent visual analysis
system to obtain high-level semantic representations of the visual content through
performing a series of semantic approaches on low-level visual descriptors. The detection of
high-level classes is investigated in multi-layered framework within an integrated system
architecture, by training an initial set of binary classifiers, and then performing a novel
classifier fusion algorithm on the outputs of individual classifiers.

A unique fuzzy learning approach is introduced in this study, which is not limited to visual
features only, but can also be applicable to similar domains that have high-dimensional
feature spaces. The membership degrees of visual features are calculated using class-based
trained SOM neural networks and exploited in the classifier training process. This fuzzy
learning approach in SVM training is brand new for image classification systems, and
experimental results shows that even this new learning method can improve the performance
of classical SVM in image applications.

The SOM neural network forms the basis for several computations throughout this
dissertation, including low-level feature analysis, membership calculations, feature
weighting and so on. The SOM structure is also used as a tool to generate the visual
vocabularies in the BOW model, which is shown to be an effective method than the typical
k-means clustering approach.

We also present a novel BOW approach for classifying images exploiting the distinctive
local features in BOW model. We examine several aspects of the approach by performing
several tests in the scope of visual analysis: the effect of distinctive features in different
classification techniques, and the size of codebooks along with the utilization of SOM. The
codebooks generated by SOM and k-Means are compared, in which the former gives
superior performance results according to our experiments.

This approach in BOW utilizing SIFT features has two main contributions: 1) we improve
the codebook generation process and build more informative codebooks by generating an
individual codebook for each image class using the SOM method instead of building a global
codebook for all classes, 2) we introduce the detection and use of distinctive features in
BOW model, which significantly increases the classification performance of NB and KNN.
Although it is not investigated in the context of this dissertation, the elimination of irrelevant
image features is also important to build scalable systems for real-world applications, since
the distinctive features constitute nearly 20% of the original image features
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As future work, different membership methods might be investigated to utilize the fuzzy
learning method, in which the fuzzy learning a negative impact on the classifier
performance. Also the presented approaches in visual analysis might be used to complement
or improve the performances of the previous studies, since the semantic models introduced
in the dissertation are domain independent, and can be applied in different multimedia
applications.

Considering the future work about our BOW approach described in Chapter 6, as a future
work, the use of distinctive features can be investigated further in different image
applications, and large image collections can be used to analyze the effect of the distinctive
features in terms of computational efficiency without loosing the classification performance.
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