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Abstract

Pattern Recognition (PR) is the ocean of paradigms and its applications exist almost
in every domain. In this modern computing world, each domain like biometric systems,
medical diagnosis, banking, remote sensing, voting, forecasting etc. has huge amount of
data in the diverse form. The main objective of PR is to recognize, classify, and analyse
such data to make inferences. The PR algorithms fall under the umbrella of machine
learning which can be broadly classified in two categories : supervised, and unsupervised
algorithms. In supervised learning, the training of model depends only on the labeled
data available. In contrast, unsupervised learning paradigms are developed based on
the unlabeled data. There exist huge number of supervised and unsupervised learning
paradigms in literature and can be classified into different categories. In the present
work, the objective is to develop few advanced pattern classification techniques based on
both the paradigms which can be applied on various applications of different domains
for effective classification. More specifically, the present dissertation accomplishes the

following objectives:

1. Developed a semi-supervised learning technique that selects the transductive sam-
ples by incorporating new criteria in sample selection process. The proposed tech-
nique out performs in two real situations: i) when the initial training samples are

biased and, ii) when the initial training samples set is poor.

2. A new fast partition based batch mode active learning technique based on SVM
classifier has been developed which gives high accuracy even if the initial SVM is
poor. A novel partitioning method has been designed which first divides the un-
labeled samples into partitions in one-dimensional feature space according to their
distribution in the original feature space. Then to select the most informative sam-
ples from the unlabeled pool, one sample from each partition is selected based on an
uncertainty criterion defined by exploiting SVM classifier. The number of unlabeled
samples selected at each iteration of active learning is determined automatically and

depends on the number of non-empty partitions generated.

3. Developed thresholding techniques that mitigate all the limitations of existing tra-
ditional thresholding techniques based on histogram of the image. A novel energy
curve of the image has been designed which includes the spatial contextual informa-
tion of image. It has better discriminatory capabilities in comparison to histogram
of the image. This energy curve has been utilized to develop thresholding tech-

niques that determine the number of objects present in the image automatically



and gives the optimal threshold values for image segmentation.

Extensive experimental work has been carried out to develop number of novel pattern
classification algorithms. To assess the effectiveness of the newly designed algorithms
results have been compared with the respective state-of-the-art techniques cited in the
literature. Experiments have been performed over the number of standard datasets for

each technique designed.

Keywords: Active Learning, Genetic Algorithm, Histogram, Image Segmentation, Sup-

port Vector Machine, Thresholding Technique, Transductive Inference.
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Chapter 1

Introduction and Scope of Thesis

1.1 Pattern Recognition

Pattern is a regular and intangible form which can be defined as a point in n-dimensional
feature space. Pattern Recognition (PR) is one of the most important aspect in real world
that involves identification of patterns (objects), finding similarities among patterns,
matching new patterns with the existing patterns. Recognition of patterns is a basic
necessity of every human being to deal with the real life problems like to read newspaper
one should be able to recognize the alphabets, to make painting one should be able to
recognize different colors. Pattern Recognition also plays vital role in designing critical
real time applications say detection of radar signals, tumor in human body, biometrics for
highly secure identification, predictions for equity market, natural disasters like volcano
eruption, and so on. It is a branch of machine learning and defined as science of making
inferences based on perceptual data or given patterns [1]. For instance, from the given
number of different shaped celestial objects, a student has to recognize round shape
objects. To recognize such objects/patterns, one must know the different representations
of round shape i.e. oval, circle, elliptical or spherical. Further, from those round shape
selected objects, he has to recognize different types of stars. Based on the features
like size, density, temperature, weight the round shape objects (perceptual data) can be
further classified in different types of stars like red, blue or yellow dwarf, neutron star etc.
This classification can be used further to make inferences say about life of star, future
fusions etc. The universal nature of PR has encouraged the number of task specific
methodologies and enriched the number of links with other disciplines. Consequently,
vast number of challenging and computationally demanding applications are emerging in

different disciplines [2], few of which are enumerated in Table 1.1.

The basic meaning of pattern is regular and repeated arrangement. For e.g.: A grid
which comprise of regularly spaced horizontal and vertical lines, those horizontal and
vertical lines are known as patterns. Pattern can also be defined as customary way of
behaviour or operation. For e.g.: a trajectory followed by flight, a speech signal etc.

Mathematically, the pattern X can be represented by the feature vector such that X =



Table 1.1: Examples of Pattern Recognition applications in different disciplines.

cation [5, 6]

Speech recognition

[7]

Sound wave

Discipline Application Input Pattern | Pattern Classes
. Sequence analysis | DNA /Protein Known types of genes/
Biology
3, 4] sequence patterns
Document  classifi Semantic categories like
Engineering Text document | weather, sports, economy

ete.

Spoken words

Earth Science

Text classification . Classification of charac-
Words image

8, 9] ters.

Face recognition | . ‘ .

10, 11] lmage Verification of faces.

Geology: Rocks | Microscopic im- Well known categories of

classification [12]

Remote  Sensing

13, 14]

Land cover classifi-
cation [15, 16, 17]

ages

Multi
images

spectral

High resolution
images like Syn-

thetic aperture
radar (SAR)
images

rocks e.g. granite, Lime
stone etc.

Regions categorised as
pure water, turbid wa-
ter, concrete area, habi-
tation, vegetation etc.

Detect changes by ac-
quiring series of images
like maps etc.

Analysis of crops

Multi-spectral

Land categories, growth

Agricul
griculture [18, 19] images pattern of crops
Securit Personal identifica- Fingerprints Authorized users
Y tion [20] e1P
(21, T2, ... ,LL’d)|£L’iE§Rd where d gives the dimensionality of the feature vector. Consider

an example of Library which has vast collection of books. Each book can be abstracted
as pattern X represented by the feature vector which may consist of number of features
like book title, author’s names, cost, edition, publisher, no. of pages, type of book:
reference book, text book, hand book etc. In this example, feature vector of instance
of book consists of d = 6 features. Thus, the pattern of book X can be represented as
X = (21,29, ..., w6)|7;6R% where z; represents book title, xo represents author’s name
and so on. It is worth noting that all the properties of a pattern may not be considered
in feature vector. Only the essential properties of a pattern (used for classification) are
considered in feature vector and rest all information regarding that object is ignored. For
e.g.: To categorize/ classify the books as per specialization no. of pages of a book is not

relevant attribute of book hence should not be considered in feature vector.



PR methods involve mathematical formulation of objects described by features and can be
applied mostly in all the disciplines. This mathematical formulation depends on the type
of problem. The PR deals with vast number of algorithms which can be broadly classified
in four categories: 1) Template Matching, 2) Statistical, 3) Neural Networks, and 4)
Structural. Depending on the nature and domain of the problem each PR algorithm
can be further classified and there exist vast number of such algorithms [21]. The broad
classifications and respective subclassifications are shown in Figure 1.1 and the brief

description is as given below:

1. Template Matching: It is the simplest form of PR technique where the input
pattern is matched against reference patterns say prototype. This matching may
require certain operations like translation, rotation or scaling. Based on selected
matching, the input pattern is classified in class with respect to the best prototype
matched. Deformation models [22, 23, 24, 25| may be required if the images of
patterns to be matched are distorted. This can be categorised as feature based and

area based approach [26].

(a) Feature based approach: Feature based approaches are based on the ex-
traction of salient structures (features like points, curves, edges, lines etc).
For e.g., Edge based methods [27] are based on the principal that the shape
of an object is defined exclusively by the shape of its edges. Therefore in-
stead of matching the whole pattern, one can extract its edges and match only
the nearby pixels, thus avoiding unnecessary computations. Other subcate-
gories include spatial relations, invariant descriptors, pyramids and wavelets

and relaxation methods [28].

(b) Area based approach: Area based approach is sometimes also referred as
correlation methods [29, 30, 31]. This approach has its many different variants
like:

e Cross-correlation methods are based on the principal that if there exist a
match between two images then the correlation between these two different

images is very high.

e Fourier based methods [32, 33] are preferred over Cross-correlation meth-
ods if the image is distorted or noisy. This principal increases the compu-
tational speed and indicates that the correlation in spatial domain among

different images can be obtained by applying Fourier transforms.

e Mutual information based method [34] is a very popular and powerful mea-

sure used to find any global relationship of intensities between two input



images taken from unknown sources. Matching can be based on mutual
information like absolute differences, left/right consistency checking and

hole filling etc.

e Optimization based method used to find a good (not necessarily perfect)
solution to problem. It reduces the search time by orders of magnitude
with respect to an exhaustive search. The algorithm can be applied to
the different problems e.g., traffic signs, can be recognized by a navigating

robot, locating object in an image etc. [35].

2. Statistical: This is the classical PR approach [36, 37] based on the mathematical

formulas and methods. In statistical PR system, each pattern can be represented

in d-dimensional space where d is the number of features associated to each pat-

tern/object. The key feature to construct statistical model is that the variability is

represented using probability distributions. The model should consider both ran-

dom and systematic variations. Statistical methods can be broadly classified as:

Probabilistic and Geometric approach described below briefly:

(a)

Probabilistic Approach: This approach can be further classified as: Paramet-
ric and non-parametric as shown in Figure 1.1. Parametric is applied when
the probability distribution of patterns is known in advance [38, 39, 40]. In
contrast, for non-parametric approach, the distribution is not known com-
pletely and require certain assumptions on the basis of which the patterns
are classified. Recent algorithms cited in literature [41, 42] are employing

non-parametric approach.

Geometric Approach: In this approach, best decision boundary (e.g., linear
or quadratic) is identified based on which the training patterns are classified.
Such boundaries can be constructed using, for example, a mean squared error
(MSE) criterion. The direct boundary construction approaches are supported
by Vapnik’s philosophy [43]. There exist large number of approaches in this
category like SVM, Decision trees and many more as shown in Figure 1.1. The
main objective is to identify the decision boundary or region which may dis-
criminate the patterns from one category to another. This decision boundary
is obtained with the help of discriminant function. To determine the accu-
rate discriminant function, the study of distribution of the patterns of each

category is essential.

3. Neural Networks: Organization of brain is the key motivation behind this approach

[44].

Patterns are assumed to be interconnected and defined as neurons. The in-



terconnections are used to send or receive signals among neurons. Neural networks
are like black box with good learning and generalization capabilities [45, 46]. Tt’s
parallel distributed nature gives the high computing power. The neural network
approach is based on two aspects : i) structure of neurons i.e. network architecture
ii) learning algorithm. Neural networks can be used in number of different applica-
tion domains [47, 48, 49, 50, 51]. There exist family of neural network architecture
that comprises of: a) Feed forward network, b) Feedback/Recurrent network, c)
Radial-basis function network (RBF), and d) Self-Organizing Map network (SOM)
which are briefly described below:

(a) Feed forward network: Generally in neural network, the neurons are organised
in the form of layers. The information flow is uni-directional and no feedbacks
are provided. The input layer comprises of all the source nodes. When the
input layer projects onto an output layer or computation nodes and no in-
formation flows backward that is from output layer towards input layer, it is
said to be feed forward neural network. Feed forward neural networks can be
further categorised as single layer [52] and multilayer network [53]. The input
layer do not perform any computation hence not counted. The intermediary
computation nodes between the source layer and output layer is said to be
hidden layer. If there is only input and output layer, it is said to be single
layer feed forward network. In contrast, if we have input layer, hidden layer

and output layer it is said to be multi-layer feed forward neural network.

(b) Feedback/Recurrent network: The signals can travel in both the directions. It

has atleast one feedback loop which improves the learning capabilities [54].

(c) Radial-basis function (RBF) network: The model classifies the pattern by
transforming it into high dimension space in a non-linear form [55]. It has

many applications like face recognition [56].

(d) Self-Organizing Map (SOM) network: The model classifies the pattern by
transforming high-dimensional data into lower-dimensional space maintaining
original topological relationship [57]. It is an unsupervised neural network and

has large number applications [58, 59].

4. Structural: This approach maintains the structural information to classify each
pattern and also has capacity to give reasons for which the pattern is ineligible to
be in another class/es [60, 61]. This approach can describe a large set of complex
patterns using small sets of simple pattern primitives and grammatical rules. This

approach is very useful in the domains where the patterns have definite structure



and can be captured as a set of rules like sound waves, textured images, shape

analysis. Syntactical approach is one form of structural approach in PR, [62]. The

implementation of this approach is quiet challenging as it requires detection of

primitives and inference from the training data.
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Figure 1.1: Different types of PR approaches and few existing algorithms.

The main goal of all aforementioned techniques is classification of objects.

And the

objective of classification problems is to identify the characteristics that indicate the

group (category of the target variable) to which each case belongs. The groups/classes

can be defined by some rules, class boundaries, or some mathematical function/s. The

basic stages of the PR are shown in the Figure 1.2. Initially, the sensors capture the

data about objects/patterns to be classified. For e.g.: To classify the stars in the space,

different sensors like camera to capture images from different directions in space, telescope

for position measurement, angular diameters etc. are used. In the next stage, features are

generated using the raw data of objects collected from different sensors such as color of




stars from captured images, parallax method used to measure distances, depth, size of star
from telescope observations and so on. This stage is known as feature generation. In this
stage, one has to be very careful that no relevant information about the object should
be lost. Once this information is obtained, feature extractor discards the redundant
and irrelevant information which may not be effective for object recognition. For e.g.:
light emitted by star and distance of the star from the earth, both are highly correlated
hence either of them may be selected and the other may be discarded to go further
for classification. The attributes selected by the feature extractor is known as feature
vector. Each pattern is now represented by its feature vector in feature space. This
multidimensional feature space is given as input to a classifier. Data sensing, feature
generation and feature extraction is beyond the scope of this thesis. It is assumed that
the final output of these phases is a feature vector which represents the input data of the
classifier design. The aim of the classifier is to divide the feature space into the number
of classes/regions. For instance in case of stars represented by multidimensional feature
space, the classifier aim is to assign the category/region (red dwarf, blue dwarf, yellow
dwarf, neutron star) to each star pattern. Depending on the problem domain, dataset
and the output required, the classifier algorithm may fall in either of three categories as
shown in Figure 1.2 : i) Classification, ii) Regression and, iii) Clustering described in

subsequent subsections.

Patterns

e o Sensor —>

Feature Generation (—)

Feature Extraction (—)

v

Classifier Design

Classification Regression Clustering

System Evaluation (—)

Figure 1.2: Basic stages followed to develop classification system.



1.1.1 Classification

(Classifying and analyzing the patterns based on the training or labeled patterns is known
as classification. The algorithm produces an inferred function, which can be used to map
new patterns. An optimal scenario will allow the algorithm to correctly determine the
class labels for unseen patterns. Mathematically, let X be the domain of patterns to
be classified and the codomain of such patterns be Y. Given a set of training sample
{(x;,y;)};—,, the learning algorithm will train a function f : X — Y, with the goal that
f(x) predicts the true label y on future pattern x. Depending upon the nature of domain
Y, the learning algorithm can be further categorised into two types: classification and
regression. If the domain of Y is discrete the problem is categorised as classification
problem. If the domain of Y is continuous in nature, it is said to be regression problem
which is explained in subsequent subsection. In classification, the classes are generally
encoded by integer numbers given as Ye{l,...,C'} where C is the number of classes. If

the number of classes is two i.e.C' = 2, then the problem is defined as binary problem and

we say, Y = {—1,4+1}. If C' > 2, the problem is said to be multi-class problem.

1.1.2 Regression

These learning algorithms are very similar to the classification algorithm with the differ-
ence that the Y is continuous in nature. Regression analysis is widely used in prediction
and forecasting [63]. The parameters of a regression algorithm are generally estimated
using the method of least squares. There exist several other methods like Bayesian linear
regression [64], Least square percentage regression [65] for situations where reducing per-
centage errors is required, Least absolute deviations which is more robust in the presence
of outliers, leading to quantile regression [66], Non-parametric regression [67] used when

a large number of observations exist computationally intensive, and so on.

1.1.3 Clustering

Organization and grouping of patterns based on similarities and differences among pat-
terns so that meaningful conclusions can be derived is known as clustering [68]. These
conclusions analyse the patterns and assign labels to the patterns when the classes are not
predefined. The main objective of clustering is to maximize the homogeneity within each
cluster formed which means that the patterns belong to the same cluster should be more

similar to each other as compare to the patterns that belong to different clusters. Clus-



tering is recognized by different nomenclatures under different domains like unsupervised
learning in PR, partitioning in graph theory, typology in social sciences, and so on. Math-
ematically, let X be the set of n unlabeled patterns represented by X = {x1,z9, ....., 2, }.
Then partition of X into k-clusters say {C4, ..., Cy} referred as k-clustering should meet

the following three conditions:
1. C; # ¢ such that 1 <i <k
2. UM, Ci=X
3. CiNCj=¢fori#jand1<4,j <k

Clustering algorithms can be classified in three categories [69, 70]: overlapping (so-called
non-exclusive), partitional, and hierarchical clustering. In overlapping algorithms, the
clustering of patterns is soft or fuzzy that is each pattern belong to one or more clusters
with respect to different degrees [71]. Hierarchical and partitional clusterings, represents
a hard partitioning of the data set into a different number of mutually disjoint subsets
[70]. Manifold applications exist for clustering like image processing [72], market research

(73], web mining [74], genes analysis [75], strategic management [76].

1.2 Pattern Recognition Algorithms

The performance of the PR algorithms depend on number of factors like data set, size of
training set, dimensions of dataset, tuning parameters, and model used for PR system.
As PR is the subset of machine learning, the aforementioned algorithms of PR shown in

Figure 1.1 can be broadly subdivided into following machine learning techniques:
1. Supervised learning
2. Unsupervised Learning

The association of the PR algorithms with the learning techniques can be pictorially

represented in the Figure 1.3.

The main objective of the present thesis is to develop advanced PR techniques which
can be applied in different application domains. The brief description of aforementioned
learning techniques and problem domains in which the work has been done is elucidated

in the following subsections:



MACHINE LEARNING

Template Matching —) Statistical Approach

PATTERN RECOGINITION

Structural Approach

—) Neural Networks

\2 7

Supervised Learning UnSupervised Learning

Figure 1.3: Pattern Recognition versus Machine Learning.

1.2.1 Swupervised Learning

In supervised learning paradigm, the input pattern is identified as a member of a prede-
fined class; supervised learning is the machine learning task of inferring a function from
the labeled data. In supervised learning, there exist few training samples that consist
of feature vector and the class to which they belong. Such samples are called as labeled
data. A supervised learning algorithm analyzes the labeled data and generates a func-
tion, which can be used to map new unseen patterns/samples. The Figure 1.4 shows the
labeled samples (patterns represented as points in space) and three different classes to
which they belong to. Based on these labeled samples the function is inferred so that the

unlabeled samples can be classified in future.

Supervised learning is also referred as learning with a teacher. Both the classifier and
the supervisor are having exposure to the training data (labeled data) and classes to
which the data belong. Thus, the classifier and supervisor with in-built knowledge can
assign the label to unseen pattern. The system is evaluated and the feedback is given
to retrain the classifier for better accuracy. This iterative process aims to emulate the
teacher and provide better classifier which can label unseen pattern without teacher.
Both the classification and regression algorithms described in subsections 1.1.1 and 1.1.2

respectively, are supervised learning algorithms. The literature on PR contains vast
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Figure 1.4: Patterns belong to three different classes are shown in two-dimensional
feature space.

number of supervised learning algorithms [77]. The brief description of few is summarised

below:

e Decision Trees (DT): It is a non-parametric classifier presented in [78]. It’s structure
consist of one root node and number of internal and terminal nodes. The data is
recursively divided down the decision tree as per the framework of classification
algorithm. It is widely used in different domains like land cover change assessment
[79], fault diagnostic [80], feature subset selection [81], speech tagging [82] and many

more.

e Discriminant Analysis: Discriminant analysis [83] is used for both data classifi-
cation and data reduction. This supervised learning method maximizes the ratio
of between-class variance to the within-class variance in any particular data set
thereby guaranteeing maximal separability [84]. It has wide variety of applications
in different domains like for face recognition problem [85], break down estimation
86] etc.

e Naive Bayes: It is a probabilistic classifier based on inductive learning [87]. It esti-
mates a set of probabilities for the given data set as per Bayes theorem. Generally
in real time applications, all the attributes of dataset independently gives the class
variable value which is the basis of Naive bayes algorithm [88]. It also serve appli-
cations in different domains like disease prediction [89], network intrusion detection
[90] etc. Tt has many variants like hidden Naive Bayes, selective Bayesian classifiers,

naive Bayes tree, tree-augmented naive Bayes [91].

e Maximum likelihood classifier (MLC): It is a parametric classifier based on the

Bayesian theorem [38]. It is applicable to the number of different domains like
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genes analysis [92], modulation [93], change detection [94] etc.

e Support vector machines classifier: The support vector machines (SVMs) are a set
of related learning algorithms used for classification and regression. Like the DT
classifiers, the SVM is also non-parametric classifier. It has been employed in the

present dissertation thus explained in details in Section 2.2.

e K-Nearest neighbor: This algorithm is a non-parametric method used for both
the classification and regression. In both cases, the input consists of the k closest
training samples in the feature space. In this algorithm, the pattern x is assigned
the class or label for the majority of it’s k-nearest neighbors from a sample pattern.
Nearest Neighbor algorithms depend critically on the distance metric employed like
Euclidean distance, Manhattan’s distance etc. It is frequently used in Geographical

information systems [95].

e Ensembles: The number of different classifiers are pooled to make final classification
decision. This provides an extra degree of freedom and yields better accuracy as

compare to single classifier [96].

Other than this basic categorisation, an algorithm to classify the transmission line faults,
based on combined use of neural network and fuzzy logic has been presented in [97].
Jens et al. in [98] considered three different statistical approaches to perform land cover
analysis: maximum likelihood classification (ML), SVM | and iterated conditional modes
(ICM), using a Markov random field. Alec et al. in [99] presents the classification of
the sentiment of Twitter messages using distant supervision. In [100] Prostate cancer
localization using supervised classification technique has been presented. The techniques
used to transform multi-beam acoustic data into spatial layers that can be used for
predictive habitat modelling has been presented in [101]. Yang et al. [102] evaluates six
supervised classification techniques to effectively and economically control cotton root rot
plant disease. In [103], a new binary supervised non-parametric classification approach
based on iterative partitioning of multidimensional feature space into variably-sized and

nested hyper-cubes to map land cover has been presented.

Supervised learning is an effective way to classify the data and plays vital role in PR
systems but it has its own constraints and limitations: i) Supervised learning paradigms,
require large amount of labeled samples to train the model. But in modern and real
applications, abundant of unlabeled data is available where as labeled data is scarce [104].
In such situations, the generation of labeled samples increases the cost as well as time
complexity to train the model. ii) Supervised learning paradigms are fully dependent on

the availability of labeled samples. As discussed above, the generation of labeled samples
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is time consuming and expensive. The situations may rise when the available labeled
samples may not represent the full statistics of all the classes present [105]. As a result, the
performance of the model may be affected adversely. iii) The manual selection of labeled
training samples may introduce redundancy in the training set of the classifier which
further increases the computational time of the classifier without providing the additional
information. In the situations of scarce labeled samples availability, two approaches: semi-
supervised learning (SSL) and active learning (AL) are very fruitful. Semi-supervised
and Active learning techniques aim to improve the performance of supervised learning
techniques by exploiting unlabeled samples. But both these techniques are complimentary
to each other in terms of selection of unlabeled samples in successive iterations. Both

these techniques are elucidated in subsequent subsections.

1.2.1.1 Semi-supervised Learning

Semi-supervised learning makes use of both labeled and unlabeled data for training -
typically a small amount of labeled data with a large amount of unlabeled data. Semi-
supervised learning paradigm fall between supervised learning paradigm (with completely
labeled training data) and unsupervised learning paradigm (where no labeled training
data is available). The acquisition of labeled data for a learning problem often requires a
skilled human agent or a physical experiment. Also, many machine-learning researchers
have found that unlabeled data, when used in conjunction with a small amount of labeled
data, can produce considerable improvement in learning accuracy. This is why the semi-
supervised learning paradigms are widely used to extend supervised or unsupervised
learning so that additional information of other learning paradigm can be included, to

have better performance.

In semi-supervised learning paradigm, the learner first trains the classifier with the labeled
data available scarcely. It can be seen from the Figure 1.5 that very small amount of
labeled and large amount of unlabeled samples is present. Initially, function is inferred
on the basis of very few labeled samples available. In successive iterations, the selection
criteria is incorporated in such a way that most confident unlabeled samples along with

their respective predicted labels are included to retrain the classifier.

Mathematically, the training data consist of both "I sized labeled samples {(z;,%:)}\_,
and "u’ sized unlabeled samples {(z;)};_, of patterns. Assuming that u > [, the objec-
tive of semi-supervised classification is to train the function f from both the labeled and
unlabeled samples, to improve the classification accuracy as compare to supervised learn-

ing paradigm applied on the labeled data alone. The study of semi-supervised learning
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unlabeled samples

labeled samples

Figure 1.5: Distribution of the labeled and unlabeled patterns in the two-dimensional
feature space. The correct labeling of unlabeled patterns play vital role to achieve
better decision hyperplane.

bridges the gap between machine learning and human learning. This paradigm can be

classified further as inductive and transductive learning.

e Inductive learning: Let {(z;,%:)}._, {(J:J)}?SZ‘Jrl be the training set, than a
function f is defined as f : X — Y such that f is expected to be a good predictor on

the future dataset, beyond {(x])};gﬂ

e Transductive learning: In supervised learning paradigm, when the objective is to
predict the labels of the unlabeled patterns present in the training dataset instead of
labeling the future test data, it is defined as transductive learning. Mathematically,
Let {(zi,4)}, {(J:J)}?:;Jrl be the training set, than a function f is defined as

f o X Y™ such that f predicts the unlabeled data {(xj)}?:; ., accurately.
Remember that f is only defined on the training set provided and is not required to

predict future data set.

There exists wide variety of semi-supervised learning paradigms cited in literature [106]
such as self-training, probabilistic generative models, co-training graph based methods,
semi-supervised support vector machines (SVM), and so on. In [107], Joachims solved the
quadratic optimization problem to implement the transductive SVM with an application
to text classification. This algorithm is effective when the ratio between the unlabeled
positive and negative samples is known at the beginning of transductive learning. Inoue
and Ueda [108] present a semi-supervised method for effectively using unlabeled sequen-
tial data in the learning of Hidden Markov models (HMMSs). Chapelle and Zien [109]
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proposed a semi-supervised method that optimizes the SVM objective function by using
gradient descent technique to find out the decision boundary in low density regions of the
kernel space. Lorenzo and Percello presented a novel context-sensitive semi-supervised
SVM classifier [110], aimed at addressing classification problems where the available train-
ing set is not fully reliable, i.e., some labelled samples may be associated to the wrong
information class (mislabelled patterns). In [111] a novel method based on local spline
regression is presented for semi-supervised classification. A novel semi-supervised classi-
fication algorithm based on tolerance of rough set and ensemble learning [112] has been
developed for text classification. Su et al. in 2013 proposed a Semi-supervised learning
paradigm for cell segmentation [113], which is a fundamental task for various cell behavior
analysis. The semi-supervised fuzzy c-means algorithm and SVM are used for cluster-
ing and classification in [114] to develop better classifier. Hyper spectral image (HSI)
classification is one of most important application domain where the high dimensionality
and heterogeneity is major challenge. Camps et al. in [115] presented the summary of
different type of SSL used for HSI. Ahmed et al. developed a new SSL paradigm in [116]
with the help of frequent itemset and ensemble learning to classify Short Message Service
(SMS) data into ham and spam.

1.2.1.2 Active Learning

In real time situations, it is very difficult to obtain proper labeled samples. This may in-
crease the cost, time or redundancy when the training samples are selected manually. In
order to decrease the cost, time, redundancy and to optimize the classifier performance,
the small size, non-redundant and most informative training set should be considered to
design classifier. Active learning techniques are the solution to this problem. It is a well
defined statistical approach of machine learning. In passive learning, the learner has no
interaction with the expert and the goal of learning paradigm is to produce accurate pre-
diction only from the labeled sample data. On the other hand in AL, the learner requests
the expert/oracle to label few unlabeled samples (most uncertain and non-redundant) to
produce accurate prediction. It is an iterative learning paradigm where the supervisor
annotates the newly selected unlabeled sample/s (most informative samples) iteratively
with the help of query function as shown in Figure 1.6. Those selected samples are added
to the training set to retrain the classifier and then process repeats as shown in Figure

1.6 till the stopping criteria meets.

The design of the query function is generally based on two principles: i) Uncertainty
and, ii) Diversity. Uncertainty criterion determines the most uncertain samples from the

unlabeled pool because the samples with the least classification confidence are most in-
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Figure 1.6: Active learning.

formative. Diversity criterion helps in determining the non-redundant unlabeled samples
which reduces the cost and time. In semi-supervised learning paradigms, no expert like
human annotator is required as the most confident unlabeled samples are selected. In
contrast, active learning paradigms require an expert like human annotator which as-
signs the label to the most informative samples. Another major difference in SSL and
AL paradigms can be observed in the selection criterion of unlabeled samples in each
iteration. In semi-supervised learning techniques, the most confident unlabeled samples
are selected in each iteration where as in active learning techniques the least confident
unlabeled samples are selected in each iteration to retrain the classifier and to improve the
accuracy of the classifier. Figure 1.7 shows the decision hyperplane and marginal hyper-
planes obtained from SVM classifier using available labeled samples. In SSL technique,
the most confident samples i.e. closest to marginal hyperplanes are selected to retrain
the classifier where as in AL technique the least confident unlabeled samples i.e. nearest
to the decision hyperplane are selected to retrain the classifier. Although the objective

of both the paradigms is same i.e. to improve the accuracy of the classifier.

There exist number of variants of AL in literature [117] which can be categorised on the
basis of query function: 1) Committee-based paradigms 2) Posterior probability based
paradigms 3) Large margin based paradigms. The AL principle works efficiently with
the number of different learning paradigms like PCA [118], bayesian network [119, 120],
feed forward neural network [121, 122], mixture of Guassians and weighted regressions
[123], Support vector machines (SVM) [124],and so on . In [125] Begum et al. presented
a novel AL technique for compound classification that can be used to detect land-cover
transitions. A novel change-detection-driven transfer learning approach to update land-
cover maps by classifying remote sensing images is presented in [126]. In article [127],

a novel learning algorithm called active deep network (ADN) is proposed to classify
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Figure 1.7: Representation of least and most confident unlabeled samples.

sentiments by employing active learning paradigm. Camps et al. [115] presented the
summary of different type of AL methods as this paradigm has gained much popularity
in last few years and focusses on difficult areas to improve the performance with fewer
samples. In this dissertation, advanced active learning algorithm for pattern classification

based on SVM is proposed.

1.2.2 Unsupervised Learning

In machine learning, unsupervised learning refers to the problem of determining hidden
structure in unlabeled data. Since the examples given to the learner are unlabeled, there is
no error or reward signal to evaluate a potential solution. This distinguishes unsupervised
learning from supervised learning. It can be observed from the Figure 1.8 that all the
samples are unlabeled and have no information about the class or category to which they
belong. All the unlabeled samples are represented in feature space as if they all belong to
same class. Further based on the similarities and dissimilarities among samples different
clusters are formed as shown in Figure 1.8. In supervised learning, we have the prior
information about the number of classes but in case of unsupervised learning no such

prior information exist.

Unsupervised learning is closely related to the problem of density estimation in statis-
tics. However unsupervised learning also encompasses many other techniques that seek
to summarize and explain key features of the data. In this type of problem, we are given a
set of feature vectors X and the goal is to untangle the underlying similarities and cluster
(group) the similar vectors together. Clustering as discussed 1.1.3 is one of major form of

unsupervised learning and used in many social sciences and engineering applications, such
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Figure 1.8: Patterns shown in the two-dimensional feature space are divided into three
groups based on their similarities and dissimilarities.

as remote sensing, image segmentation, speech coding. Broadly there exist two types of
clustering: hierarchical clustering and partition clustering [128]. Hierarchical clustering
groups data objects with a sequence of partitions, either from singleton clusters to a
cluster including all individuals or vice versa. Hierarchical procedures can be either ag-
glomerative or divisive: agglomerative algorithms begin with each element as a separate
cluster and merge them in successively larger clusters; divisive algorithms begin with the
whole set and proceed to divide it into successively smaller clusters [69]. In contrast,
partition algorithms find all the clusters simultaneously as a partition of the data and
do not impose a hierarchical structure. Generally, hierarchical clustering algorithms have
higher complexity than the partition clustering algorithms. In literature, a huge number
of clustering algorithm has been developed in diverse fields. Among those K-means is
one of the simplest partition algorithm widely employed in different applications. Anil
K. Jain summarizes the K-means algorithm developments along with major data clus-
tering approaches in [129]. [130] presented a novel MRI image segmentation technique
based on fuzzy c-means clustering. Bruzzone et al. in [131] analyzed the difference image
by considering the spatial-contextual information included in the neighbourhood of each
pixel. In particular, an approach based on Markov random fields (MRFs) that exploits
inter-pixel class dependency was presented. The said technique required knowledge of
the statistical distributions of the changed and unchanged pixels in the difference image.
A new multistage method using hierarchical clustering for unsupervised image classifi-
cation is presented in [132]. Evolutionary algorithms also has number of applications in
data clustering. A survey in 2009 presents the important aspects in context of evolu-
tionary data clustering along with multi-objective evolutionary clustering [70]. A new
energy conservation based clustering algorithm [133] has been proposed for wireless sen-

sor networks in 2011. It determines suitable size of clusters, achieves equalization of node
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lifetimes and reduced energy consumption levels. An effective algorithm for the sparse
space clustering [134] clusters the data-points that resides in the union of low-dimensional
subspaces. This technique has an advantage of direct dealing with noise, sparse outlying
and missing entries. The MinMax k-Means algorithm to minimize the maximum intra-
cluster variance was proposed in [135]. Banerjee et al., in [136] proposed cluster ensemble
based method which combine multiple data partitions generated by different clustering
algorithms into a single robust solution for land-cover classification of remotely sensed

multi-spectral satellite images.

Unsupervised learning is also known as data driven approach where the paradigm is
fully dependent on data set as a result the computational burden may increase with the
increase in size of data set. This computational burden may be reduced by employing
SSL paradigms discussed in Section 1.2.1.1. In this dissertation, the domain of image
segmentation is given consideration to develop advanced algorithms using unsupervised

learning which is explained in the following subsection.

1.2.2.1 Image Segmentation

An image can be represented in two-dimensional coordinate system say f(z,y) = luy,
where [,,, denotes the feature value (intensity, depth, gray level etc) at spatial coordinate
(x,y) [137]. Mathematically, a two-dimensional matrix can be used to represent an image
in computer system. Each row and column position of matrix represents a pixel of
the image and the value at each position of matrix represents the value of the feature
captured for the given image [138]. Therefore, the digital image I can be represented by
the Equation (1.1) given below:

I={l,)]1<z<m,1<y<n} (1.1)
where m * n is the size of the image. Digital Image processing involves the following six

fundamental steps:

e Image Acquisition, where the electrical signal received from the imaging sensors are

digitized to store the image in computer memory.

e Image Enhancement, where the objective is to process original image so as to pro-
duce new image which will be more suitable for a particular application. The
enhancement processes are different for different type of images and broadly fall

under two domains: Spatial and frequency which are out of the scope of thesis.

e Image Restoration, where the inverse process is applied to recover the original
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image.

e Image Compression ,where the space used to store the image is reduced by removing

redundant data of the image used to store the digitized image.

e Image Segmentation defined as the process of assigning same label to those pixels

that share certain common characteristics.
e Recognition that implies identification of object present in the image.

Image segmentation is another vast area of image processing where large number of
algorithms exist [139, 140]. The solution of image segmentation problems is domain
specific [141, 142, 143, 144]. Tt is defined as dividing regions homogeneously and uniformly
based on certain characteristics say tone, gray level, texture etc. There exist wide variety
of image segmentation techniques which can be classified in four categories: a) texture
based where elementary and complex patterns are analyzed [145], b) thresholding based
that considers the gray value of individual pixels [146], c¢) clustering based methods
that look for discontinuities [147, 69]and d) region based methods that analyze the gray
values in larger homogenous areas [148]. Thresholding is one of the effective technique
for image segmentation and widely used in the area of image processing applications such
as 1) Optical character recognition (OCR), 2) automatic visual inspection of defects, 3)
video change detection 4) moving object segmentation 5) medical imaging and so on.
In literature, large number of thresholding techniques [149, 150] exists. In the present
thesis, thresholding techniques have been designed to contribute towards the development

of advanced techniques for PR.

Thresholding: Generally, different objects present in the image are represented with
different intensities. The histogram of those images can be viewed as combination of
different modes (peaks). Let us illustrate it with the help of an example. If only one
object is present in the image then the pixels can be grouped into two groups say light
and dark intensity. The histogram of such images will have two dominant modes where as
if there are two objects in the image than the pixels will be grouped into three groups and
it’s histogram will have three dominant modes. Figure 1.9 shows two images: Fingerprint,
and Peppers. It can be observed from the Figure 1.9(a) that it has only one object thus
the histogram of this image has two dominant modes. In contrast the Figure 1.9(b) has
more than one object present in it, thus the histogram of this image has more than two

dominant modes.

The objective of thresholding is to identify such gray level (T) so that all the pixels with
the gray-level greater than T will be assigned intensity of black and all the pixels with
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Figure 1.9: (a) and (c) depicts the images fingerprint and peppers and (b) and (d)
depicts the histogram of the respective images.

gray level below this T will be assigned intensity of white or vice-versa. The value of
T is known as threshold and the process of determination of this threshold is known as
thresholding. Mathematically, let ,, denotes the gray level of pixel (x,y) of the image.
The thresholded image f(x,y) is defined by Equation (1.2) given below:

flr,y)= 0 5 ly>T
— 1 Iy <T (1.2)

If single object is present in the image, thresholding will produce two homogenous regions
hence known as bi-level thresholding. On the other hand, if n > 1 objects are present in
the image, thresholding technique determines n+ 1 homogenous regions and the objective
is to determine n thresholds to segment the image, hence known as multi-level thresh-
olding. Thresholding methods can be further categorised broadly in six categories[146].

Those methods are briefly described as follows:

e Histogram shape-based: The peaks and valleys of the smooth histogram are ana-
lyzed by using various tools like convex or concavity analysis, wavelet transforms

[14], spectral analysis [48] and so on.

e Clustering-based methods: The gray image is divided into two clusters, one clus-
ter represents the background and the other one represents the object. Guassian

model may also be employed in which gray image is modeled as mixture of two
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Guassian distributions i.e. background and foreground. Number of different types

of clustering techniques are employed for image segmentation [151]

e Entropy-based methods: Entropy of the distribution of gray levels in an image is
analysed. Different entropy methods are used like maximization of entropy, cross

entropy.

e Object attribute-based methods: Thresholding is performed based on the attribute
similarity between gray level image and the segmented image. The attribute may

be edges, shapes, intensity etc.

e Spatial methods: These techniques employ higher-order probability distribution,
correlation functions, co-occurrence probabilities, two- dimensional entropy, random

sets etc.

e Locally adaptive methods: The threshold values are dependent upon some local

statistics like range, variance, contrast, gradient, and so on.

A good survey of different types of thresholding techniques have been presented in [150,
152, 146]. Thresholding technique can also be considered as optimization problem. In
[153] Hammouche et al. presented comparative study of six optimization algorithms when
applied to solve multilevel thresholding problem. A new multilevel algorithm based on
the honey bee mating optimization (HBMO) algorithm is proposed in [154]. Another
fast multilevel thresholding technique is cited in [155]. This technique is based on PSO
which can be applied in complex image processing such as automatic target recognition
system. In 2011, a novel histogram based thresholding technique [156] based on fuzzy
C-mean clustering for color image segmentation was presented. It has low complexity
and improves the compactness of the clusters forming uniform regions. Algorithm based
on ABC was proposed in 2011 [157]. Multilevel thresholding for histogram-based image
segmentation using modified bacterial foraging (MBF) algorithm is focussed in [158]. The
Hybrid Thresholding Algorithm (HYTA) [159] exploits the benefits of the combination of
fixed and adaptive thresholding methods. It transforms an input color cloud image into
a normalized blue/red channel ratio image that can keep a distinct contrast, even with

noise and outliers.

1.3 Preliminaries

Training Data: It is defined as ‘experience’ provided to the learning process. It is a

collection of patterns {X;}, = {X;, Xy, ...., X, } sampled independently.
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Labeled and Unlabeled Data: Finite set of distinct values known as classes is defined
as label. For instance, a ball may be a basket ball, volley ball, foot ball, tennis ball. Thus
the finite set { Basketball, Volleyball, Football, Tennisball} are the classes of ball. The
classes are generally encoded by integer numbers given as ye{1,2,....,C} where C is the
number of classes. The sample which has the prior information about the class to which
they belong are known as labeled data. In contrast, the samples which have no prior
information about the class or category to which they belong are known as unlabeled
data.

Test Data: To estimate the future performance of learning paradigm, a set of labeled
data is kept separate. This set of labeled data is not used during training of the algorithm
and hence provides unbiased estimation for future performance. This set of labeled data

kept separately is known as test data.

Model Evaluation: One fundamental question that arise here is how do we measure
the generalisation performance of a classifier or the capability of a learning algorithm. In
literature, there exist large number of techniques to evaluate the efficiency of the learning
paradigm. Broadly speaking, three main metrics to evaluate the efficiency of algorithm
are: 1) Accuracy to predict or classify, ii) Time complexity, and iii) Space complexity.

The most common metric among all is accuracy.

e Accuracy:The percentage of number of samples in test data classified correctly gives
the accuracy of the classifier. There are three main different approaches to accuracy

estimation and model selection:
— hold-out,
— bootstrap,
— K- fold Cross validation

The present work employed cross validation to measure the robustness of the clas-

sification algorithm which is described below:

e K-fold Cross Validation: The original sample is randomly partitioned into k equal
size sub-samples. Of the k sub-samples, a single sub-sample is retained as the
validation data for testing the classifier, and the remaining k-1 sub-samples are
used as training data. The cross-validation process is then repeated k times (folds),
with each of the k sub-samples used exactly once as the validation data. Then
those k results obtained from the folds are averaged (or otherwise combined) to
produce a single estimation. The advantage of this method over repeated random

sub-sampling is that all observations are used for both training and validation, and
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each observation is used for validation exactly once. In case of SVM, the cross
validation process can be used to determine the control parameter denoted as C. A
precise definition of the value of the C parameter is of extreme importance for the
classification accuracy. If the value of C is too small, then the resulting discriminant
function of the classifier may be poorly fit. On the other hand, if the value of C is
quiet large then the classifier may overfit the data instances, thus resulting in low

generalization capabilities.

1.4 Scope of the Thesis

The foundation of advanced PR techniques proposed in the present thesis can be cate-
gorised in three parts: i) Tranductive SVM based semi-supervised technique, ii) Active

Learning technique, and iii) Thresholding techniques for image segmentation.

The first part of the present thesis deals with the development of semi-supervised pattern
recognition technique. Supervised techniques require sufficient labeled samples to train
the classifier, and the classification results rely on the quality of the labeled samples used
for learning. However, the collection of labeled samples is time consuming and costly,
and the available training samples are often not enough for an adequate learning of the
classifier. Semi-supervised learning is a popular approach to deal with such problems. It
exploits unlabeled data, together with the labeled data, to build better classifiers. As
a result, under proper assumptions, it requires less human effort for labeling. Thus, it
becomes of great interest both in theory and practice. In Chapter 2, we have investi-
gated many semi-supervised learning techniques based on transductive SVM (TSVM)
for pattern classification cited in literature [107, 109, 160, 161, 162, 163, 164]. It was
observed that the semi-supervised techniques based on progressive transductive support
vector machine (PTSVM) iteratively select transductive samples that are closest to the
SVM margin bounds. More specifically, these techniques determine a decision hyperplane
passing through low density region of the kernel space. This may result in selection of
wrong patterns (i.e., patterns that when included in the semi-supervised learning can
be associated with a wrong label) as transductive samples, especially when poor initial
training sets are available or when available training samples are biased. To mitigate
this limitation, a new technique has been proposed in Chapter 2. The proposed tech-
nique considers the distance from SVM margin bounds, the properties of the k-nearest
neighbors approach, and the cluster assumption property of the data. To assess the ef-
fectiveness of the proposed method, we compared it with other PTSVM methods cited in

the literature [162, 164]. Experimental results confirmed the effectiveness of the proposed
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technique.

The second part of the present thesis deals with the development of fast batch-mode active
learning technique for pattern classification. Supervised learning algorithm needs proper
labeled samples to train the classifier. The labeled samples called training set should
fully represent the statistics of all classes. To classify patterns large number of supervised
classifiers as discussed in Section 1.2.1 are cited in literature [165, 38, 78, 166, 167, 84].
Supervised learning has its own limitations: i) non-availability of adequate amount of
labeled samples, ii) costly to collect the labeled samples, and iii) time complexity due
to redundancy as explained in Section 1.2.1. To overcome such limitations AL is another
approach. In Chapter 3, we have designed a fast batch mode AL technique which trans-
forms the original feature space into 1-D feature space and then divides the unlabeled
samples into different partitions generated around the mean of unlabeled samples. To
select most informative samples, one sample from each non-empty partition is selected
based on an uncertainty criterion defined by employing SVM classifier. The effectiveness
of the proposed technique is measured by comparing it with four state-of-the-art tech-
niques [168, 169, 170, 171] cited in the literature. The experimental analysis proved that

the proposed technique is robust and computationally less demanding.

The third part of the thesis deals with the development of unsupervised PR technique to
solve image segmentation problems described in Section 1.2.2.1. Unlike the above men-
tioned techniques, unsupervised methods do not require labeled samples for training. It
uses similarity criterion to divide the patterns into different groups/clusters. Image seg-
mentation is one of the most popular unsupervised technique researchers widely adopted
to distinguish different objects present in the image. In the Chapters 4 and 5, advanced
thresholding techniques for image segmentation has been designed. It has been observed
that histogram based thresholding is one of the most popular method for image segmen-
tation [146]. Due to the advantage of smaller storage space, fast processing speed and
ease in manipulation, histogram thresholding techniques have drawn a lot of attention
during the last couple of decades. Since thresholding is a well-researched field, there
exist many algorithms for determining an optimal threshold of the image. Traditional
thresholding techniques based on the histogram of the image suffered with three major
limitations [172, 173, 174]: i) Unable to considered contextual information for selecting
optimum threshold; ii) Inefficient for multilevel thresholding (computationally demanding
and complicated to implement); and iii) Unable to find out optimal number of thresholds

automatically.

In Chapter 4, we proposed a thresholding technique based on the energy curve of the im-

age we defined in [175]. The energy curve has similar characteristics as that of histogram
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and unlike histogram of the image, it incorporates the spatial contextual information of
the image. As a result, the energy curve of the image is smoother than that of histogram
of the image and hence has better discriminatory capabilities. Using this energy curve,
the proposed technique automatically determines the optimum number of thresholds for
image segmentation. In the proposed technique, first concavity analysis technique [176]
is applied on the energy curve to detect all the potential thresholds. Then a threshold
elimination technique based on cluster validity measure is proposed to determine the op-
timum number of thresholds. To assess the effectiveness of the proposed technique the
segmentation results obtained using energy curve of the image are compared with those
obtained using histogram of the image. Experimental results exhibits the effectiveness of

the proposed technique.

The technique presented in Chapter 4 employs concavity analysis technique [176]. Since
concavity analysis technique may skip some valleys of the energy curve, it may fail to
detect the optimal number of potential thresholds. To mitigate this limitation, a novel
initial threshold selection technique is proposed in Chapter 5. In this Cshapter, a fast
context sensitive threshold selection technique is presented to solve the image segmen-
tation problems. In lieu of histogram, the proposed technique employs recently defined
energy curve of the image for thresholds selection. It determines the number of poten-
tial thresholds and the bounds where the optimal value of each potential threshold may
exist. Finally, employs GA to detect the optimal value of each potential threshold from
their respective defined bounds. The proposed technique incorporates spatial contextual
information of the image in threshold selection process without loosing the benefits of
histogram based techniques. Computationally it is very efficient and able to determine
the optimal number of segments in the input image. To assess the effectiveness of the
proposed technique the results obtained are compared with four state-of-the-art meth-
ods cited in the literature [175, 177, 178, 179]. Experimental results on large number of

images confirmed the effectiveness of the proposed technique.
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Chapter 2

A Novel Classification Technique Based on

Progressive Transductive SVM Learning !

2.1 Introduction

Supervised learning needs only labeled data for training. The classification results rely
on the quantity and quality of these labeled samples. However the generation of proper
labeled samples is often difficult, expensive and time consuming, as this requires the
effort of experienced human annotators. On the other hand, unlabeled data are relatively
easy to collect, although they have no use in supervised learning. Two popular machine
learning approaches for dealing with this problem are active learning and semi-supervised
learning. Active learning expands the original training set according to an interactive
process that involves a supervisor who can assign the correct label to unknown data
points [180, 175]. The goal of the active learner is to select the most informative samples
so as to accurately learn from the fewest such additionally labeled data. In contrast,
semi-supervised learning exploits unlabeled data, together with the labeled data, to build
better classifiers [181]. As a result, under proper assumptions, it requires less human effort

for labeling. Thus, it becomes of great interest both in theory and in practice.

The transductive support vector machine (TSVM) is a semi-supervised version of SVM
[43]. During the training phase, it gradually (iterative process) searches a reliable sepa-
rating hyperplane in the kernel space by taking into account both labeled and unlabeled
samples. The unlabeled data can be used as an additional source of information about
margin for SVM. In transductive learning the goal is to find a labeling of the unlabeled
data, so that a linear boundary has the maximum margin on both the original labeled
data and the (now labeled) unlabeled data (defined here as transductive data for conve-
nience). This task can improve the generalization performance of SVMs, especially when
poor training sets are available or when the available training samples are inadequate

107).

In the literature many semi-supervised techniques based on TSVM exist for pattern clas-

I This chapter has been published in “Pattern Recognition Letters , Elsevier”, Vol 42, pages 101-106, 2014 .
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sification [107, 109, 160, 161, 162, 164]. All these methods try to find out a decision
hyperplane passing through low density region of the kernel space. A good review of
semi-supervised approaches can be found in [182]. Joachims in [107] solved the quadratic
optimization problem for the implementation of the TSVM with an application to text
classification. This algorithm is effective when the ratio between the unlabeled positive
and negative samples is known at the beginning of transductive learning. Chapelle and
Zien [109] proposed a method that optimizes the transductive SVM objective function by
using gradient descent technique to find out the decision boundary in low density regions
of the kernel space. Sindhwani and Keerthi [160] proposed a fast algorithm for linear
TSVM, suitable for large scale text applications. In published literature [161], an addi-
tional criterion is included with the standard objective function of the TSVM and then
a genetic algorithm is used for optimizing this objective function. A progressive TSVM
algorithm was proposed in [162] that iteratively selects a positive and a negative sample
as transductive samples from the available unlabeled samples that are inside the SVM
decision margin and have minimum distance from positive margin and negative margin,
respectively. The method also uses dynamic adjustment to reduce the miss labeling of
selected transductive samples. Bruzzone et al. [164] modify the algorithm presented in
[162] to select a batch of positive and negative patterns as transductive samples from the

available unlabeled patterns at each iteration of the transductive learning process.

The progressive TSVM (PTSVM) algorithms existing in the literature [162, 164] itera-
tively select the most certain patterns as transductive samples from the available unla-
beled patterns that are inside the SVM margin bounds. The certainty of a sample is
measured by considering only its distance from the nearest SVM margin bound. This
may result in a high probability of selecting wrong patterns as transductive samples (the
actual labels of the patterns are different from the labels automatically assigned to them),
especially when the initial decision hyperplane is poor i.e., passes through a wrong region
of the kernel space. Thus, the final classification accuracy may be degraded. In this
chapter, we developed a novel semi-supervised technique based on PTSVM learning that
mitigates the above-mentioned limitation. The proposed technique not only uses the dis-
tance from the nearest SVM margin bound but it also exploits the properties of k-nearest
neighbors (k-nn) approach and the cluster assumption to selects the most certain samples

as transductive samples at each iteration of the learning process.

The rest of the chapter is organized as follows. The concept of inductive and transductive
SVM learning is presented in Section 2.2. Section 2.3 describes the limitations of the
existing PTSVM based approaches. The proposed technique is presented in Section 2.4.

Section 2.5 provides the detailed description of the data sets used in the experiment and
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the results obtained on the considered data sets. Finally, Section 2.6 draws the conclusion
of this work.

2.2 Support Vector Machine Classifier

Before presenting the proposed semi-supervised technique based on PTSVM learning, we
briefly recall the main concepts associated with both the inductive SVM and transduc-
tive SVM learning. Among all the existing classifiers, support vector machines (SVMs)
revealed one of the very effective and robust in the solution of many classification prob-
lems [183, 43]. The success of SVM in pattern classification is justified by three main
general reasons: (i) their intrinsic effectiveness, with respect to traditional classifiers,
which results in high classification accuracies and very good generalization capabilities
(low sensitivity to the Hughes phenomenon [184]); (ii) the convexity of the objective
function used in the learning of the classifier, which results in a unique solution (i.e., the
system cannot fall into sub-optimal solutions associated with local minima); and (iii) the
possibility of representing the convex optimization problem in a dual formulation, where
only non-zero Lagrange multipliers are necessary for defining the separation hyperplane

(which is a very important advantage in the case of large datasets).

2.2.1 Inductive SVM Learning

Let X = {(z1,...,7,)|r; € R} be the set of n available training samples and ¥ =
{(y1, -, yn)|yi € {—1,+1}} be the set of associated labels. The standard SVM learning
also called inductive SVM (ISVM) learning, tries to separate the data in the input space
with the available training data by defining a hyperplane:

flz):wz+b=0 (2.1)

such that the distance between the closest vectors to the hyperplane is maximum. The

maximal geometrical margin generated by the hyperplane is

2

p(w) = Tl (2.2)

In the case of linearly non-separable training data, the objective function of the ISVM

learning is to find out a hyperplane by solving the following quadratic optimization prob-
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where &; and «; represents slack variables and Lagrangian multipliers, respectively. K(.,
.) is a kernel function that implicitly models the classification problem into a higher
dimensional space where linear separation between classes can be approximated, and C
is a regularization parameter that allows one to control the penalty assigned to training
errors [175].

2.2.2 Transductive SVM Learning

In the above framework, to address the issue of the available biased/poor training set,
a transductive SVM approach has been proposed by involving unlabeled samples into
the training phase [43]. Let X* = {(z7,...,2%,)|z; € R} be the set of m unlabeled
samples and Y* = {(y7, ..., y} )|y; € {—1,+1}} be the corresponding predicted labels. At
the initial iteration, the standard ISVM is used to obtain a separating hyperplane using
the training set X only. Then, depending on the distance from this hyperplane labels
are assigned to the unlabeled samples which are thus called semi-labeled data. After
that, according to a defined criterion transductive samples chosen from the semi-labeled
patterns are included into the original training set X. The resulting training set is used at
the following iterations to find a more reliable discriminant hyperplane. This hyperplane

separates (X,Y) and (X*,Y*) with the maximal margin and is derived as follows:

plw) = min {—lel +CZ£Z+C*Z£ }

subject to: v ryi(wa; +0) > 1 =&, @- > O
Vi ryf(wr; +0) > 1 =606 >0 (2.4)

In order to handle the nonseparable training and transductive data, similarly to the
ISVMs, the slack variables & and & and the associated penalty values C' and C* of both

the training and transductive samples are introduced. In the learning process of the
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TSVMs, the purpose of C' and C* is to control the number of misclassified samples that
belong to the original training set and to the unlabeled set, respectively. On increasing
their values, the penalty associated with the errors on the training and transductive
samples increases. In other words, the larger the regularization parameter are, the higher
is the influence of the associated samples on the selection of the discriminant hyperplane.
d(d < m) is the number of transductive samples chosen at each iteration of transductive

learning.

2.3 Limitations of the existing methods

The semi-supervised techniques based on PTSVM existing in the literature [162, 164],
iteratively select transductive samples from semi-labeled patterns that are inside and
closest to the SVM margin bounds. This results in a high probability of selecting wrong
patterns as transductive samples when the initial SVM decision hyperplane is very poor
i.e., in cases where it passes through wrong region of the kernel space. Figure 2.1(a) de-
picts a situation where one SVM margin bound is near to the actual decision hyperplane
(i.e., it passes through low density region of the kernel feature space) and the other one
is far from it. Now, if we apply the conventional PTSVM methods to select transductive
samples, they will select some semi-labeled patterns as transductive samples that also
shift the margin bound which passes through low density region towards wrong direction.
As a result a poor decision hyperplane will be generated. The main reason is that these
algorithms do not impose any explicit constraint to the transductive sample selection
process so that the margin bound which passes through high density region can only
be shifted towards low density region. Figure 2.1(b) depicts another extreme situation
where both positive and negative margin bounds pass through both the classes. Also
in this case the conventional PTSVM methods may fail to select the appropriate trans-
ductive samples. As a result, the classification performance can be degraded. In this
chapter we developed a novel semi-supervised technique based on PTSVM learning that
addresses both the above-mentioned issues during the selection of trasductive samples at

each iteration of the learning process.

2.4 Proposed TSVM Method

As regards the selection of transductive patterns, two points should be considered: 1)
choose the informative samples, and 2) select the samples with an expected accurate

labeling. In the proposed work the informative samples are selected by considering only
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the unlabeled patterns inside the SVM margin bounds. To select the proper transductive
samples (with expected accurate labeling), we not only considered the distance from the
SVM margin bounds, yet we also exploits k-nn technique and the cluster assumption. The

details of the proposed transductive samples selection procedure is given below:

Figure 2.1: Patterns belonging to class ”-1”7 and ”+41” are shown as white squares and
circles, respectively. Initial labeled samples for class ”-1”7 and ”+1” are shown as black
squares and circles, respectively. The separation hyperplane is shown as a dashed line,
whereas the solid lines define the margin. The dashed squares and circles highlight the
transductive patterns selected by the 1st iteration of conventional progressive TSVM
methods labeled as ”-17 and ”+1”, respectively (a) when one decision margin is near to
the actual decision hyperplane and the other one is far from it; (b) when both positive
and negative decision margins pass through the feature space of both the classes.

Let us consider at the beginning only few training samples X = {(z1, ..., z,)|z; € R};
with their associated labels Y = {(y1,...,yn)|y: € (—1,+1)}. Let us assume that a large
number of unlabeled samples X* = {(z%,...,2" )|7r; € R?} are available. First, we train
the SVM classifier using the training set X only (inductive learning) to find out the
decision hyperplane f(z). Then, depending on the distance from this hyperplane, pseudo
labels are assigned to all the unlabeled samples, thus obtaining semi-labeled samples.
Let N be an integer variable. We fix the value of N = min{Nd,, Ng/}, where N{;, and
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Ngy, represent the number of positive and negative margin support vectors, respectively,
obtained after the first inductive learning iteration. After that, the set 1" of positive
candidate transductive samples is initialized by choosing N semi-labeled samples from
X* that lie inside the margin bound and are closest to the positive margin. Similarly the
negative candidate set 1~ is initialized by choosing N semi-labeled samples from X* that
lie inside the margin bound and are closest to the negative margin. If we select all the
semi-labeled samples in 9" and 1)~ as transductive samples as in the existing techniques
then the problem shown in Figure 2.1(a) may arise (i.e., the decision hyperplane may
shift towards wrong direction). To mitigate this kind of problem, here first we compute
the average distance d™ and d~ of all samples in " and ¢~ from the SVM decision

hyperplane as follows:

Emiew‘F f(xi)
N

D wiew— | (@)
N

dt = (2.5)

d = (2.6)
Then a threshold value ¢ is obtained as ¢ = min{d*,d”}. After finding the value of
threshold ¢ we update the positive candidate set " = {x;|z; € ¢*; f(x;) > t} and
negative candidate set ¢~ = {x;|x; € ¥~ |f(z;)| > t}. This help us to incorporate
cluster assumption criterion to choose appropriate transductive samples. Due to the
second problem shown in Figure 2.1(b), there may be some semi-labeled patterns that
are closest to the positive (or negative) margin but belongs to )~ (or ™). To select
appropriate transductive samples from ¥, in this work we propose to apply a k-nn
technique in the SVM kernel space. For each pattern x; € %, we find out the k-
nearest labeled samples from X and then assign a class label to x} according to k-nearest
neighbor rule. After that according to the k-nn rule, the patterns from ¢ and 1~ selected
as transductive patterns those have positive and negative class label, respectively. To
compute the distance between a pattern x} € * and z; € X in the kernel space we
use the same kernel function as used in the SVM classifier. Accordingly we try to select
transductive samples that are most certain. The certainty of each unlabeled samples is
measured by applying cluster assumption criterion and by exploiting the properties of
the SVM and the k-nn techniques. Note that compared to the existing methods, the
proposed technique spends some additional time to find out the k-nearest neighbors of
each sample in ©*. Since a limited number of samples are in =, this does not take
significant additional time. Let 1, be the set of transductive samples. Initially the set
is empty. After selecting few semi-labeled samples as transductive samples we add them
into the transductive set ¢, and retrain the SVM classifier using the available labeled set

X and v;. The process is iterated until some patterns are inside the margin bound or
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a threshold value on the number of patterns in the margin is reached. If the label of a
transductive pattern at iteration itr + 1 is different from the one at iteration utr, such
pattern is removed from the transductive set and reassigned to the unlabeled set. The
regularization parameter for the transductive patterns C* is increased in a linear way,
depending on the value of the regularization parameter for the labeled patterns C' and a
parameter g. In our algorithm, the initial value of C* is defined as C* = g x C, where g
is a weight parameter computed as g = % x itr (1 is the growth rate and is a user defined
parameter). In the first [ iterations, the value of g increases linearly and reach value equal
to 1 at [ iteration. After that the value of ¢ does not change by increasing the iteration
number. It is worth noting that to solve multiclass problem we adopt one-against-all
binary SVM architecture. Thus, if there are n classes then n TSVM are defined. Each
TSVM solves a binary classification problem defined by one information class against all
the others. The details of the proposed technique for solving multiclass problem is shown
in Algorithm 2.1.

Algorithm 2.1: Proposed transductive learning technique

Let X and X* denote the available labeled and unlabeled samples and n represent the
number of classes.
For s=1ton

Step 1: Set itr = 0 and transductive candidate set ¢y = ¢.

Repeat

Step 2: Train the s* OAA binary SVM with the available labeled samples X to
generate the decision function fs(.).

Step 3: Fix N = min(Nd,, Ngy/).

Step 4: Define the positive candidate set 1™ and negative candidate set ¥~ by
selecting N samples from X* that lies inside the margin bound and are closest to the
positive and negative margins, respectively.

Step 5: Compute average distances d* and threshold t as follows:
gt = Zmet 10 o Zmew W@y — ningat, d).

Step 6: Update
Ut = (a7 a7 € pH (@) 2 1) v = {af | 2f € o, fula)] 2 1}

Step 7: For each z] € Y*, compute the distance to all the samples z; € X in SVM
kernel space. Then according to k-nearest neighbor rule assign either positive or
negative class label to each z} € Pt

Step 8: Update

Yt ={zf | z} € ¥ and positive label assigned by k — nn rule};
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Y~ ={x} | f € ¢y~ and negative label assigned by k — nn rule}
Step 9: Update ¢, = {¢ T U~} and X* = X* — ¢
Step 10: itr = itr + 1;
Step 11: If itr <[ then update g = % x itr and C* = C X g.
Step 12: Train s binary SVM with updated labeled set (X U ).
Step 13: For a sample xf € vy, if sign of fi"(z}) and f9"~!(z}) is different
then update ¢y = ¢, — 27 and X* = X* Ux].
Until z7 € X* is found inside the margin bound or a threshold value on the number
of patterns in the margin is reached.
End For

2.5 Experimental Results

2.5.1 Description of Data Sets

In order to assess the effectiveness of the proposed technique, seven data sets with signif-
icantly different properties were used in the experiment. The first one is a toy data set
which is made up of four linearly separable classes as shown in Figure 2.2. The second one
is a more complicated vowel data set [185]. The rest five data sets (Iris, Diabetes, Letter
Recognition, Tonosphere and ISOLET) are taken from UCI machine learning repository
among those that are widely used as benchmark for pattern classification tasks [186]. For
all data sets, first only few available labeled samples were randomly selected as initial
training set X, and the rest were stored in the unlabeled pool X*. Table 2.1 shows the

details of all the above mentioned data sets.
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Figure 2.2: Linearly separable toy data set.
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Table 2.1: Number of patterns, features and classes for the seven different data sets.

Data sets Patterns | Features | Classes
Toy 1000 2 4
Vowel 871 3 6
Iris 150 4 3
Diabetes 768 8 2
Letter Recognition 20000 16 26
[onosphere 351 34 2
ISOLET 6238 617 26

2.5.2 Design of Experiments

In our experiments we adopted an SVM classifier with RBF kernel. The SVM parameters
{0, C'} were derived by applying the cross-validation technique [187]. The cross-validation
procedure aims at selecting the best values for the parameters of the initial SVM. The
same RBF kernel function is also used to implement the kernel k-nn technique. The value
of k for kernel k-nn is also automatically computed using cross-validation technique. To
gradually consider the influence of transductive samples for defining the actual decision
hyperplane, the initial value of the regularization parameter for the selected transductive
patterns C* should be small since at initial stage of learning the SVM decision hyperplane
is poorly defined. At subsequent iterations, since labeling confidence increases, the value
of C will also increase. This is done by defining the value of the growth rate parameter
[. In our experiments, the value of growth rate [ is fixed to 10 for all the considered data

sets.

To assess the effectiveness of the proposed technique we compared it with two other ex-
isting methods: i) the progressive transductive SVM (PTSVM) method [162]; and ii) the
modified progressive transductive SVM (MPTSVM) method [164]. In PTSVM, at each
iteration of transductive learning, a positive and a negative semi-labeled pattern are se-
lected as transductive samples from the available samples that are inside the SVM margin
bound and are closest to the positive and negative margins, respectively. In MPTSVM,
at each iteration, a batch of positive and negative semi-labeled patterns are selected as
transductive samples using the same criterion as used in PTSVM. The batch size is deter-
mined automatically depending on the number of available positive and negative support

vectors at a particular iteration of the learning process.

The multiclass SVM with the standard OAA architecture has been manually implemented

by using the LIBSVM library (for MATLAB interface) [188]. All the algorithms presented
in this chapter have been implemented in MATLAB.
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2.5.3 Results

In order to understand the effectiveness of the proposed technique, in the first experiment
we compared the performance of the proposed method with the existing PTSVM and
MPTSVM methods. For all the four data sets, initially only few labeled samples were
considered in the training set. The transductive learning process was repeated for 10 trials
with 10 different initial training sets (generated randomly) to reduce the random effect
on the results. Table 2.2 shows the average overall classification accuracies and standard
deviations provided by different methods starting with different numbers of initial labeled
samples for the toy, the iris, the diabetes and the vowel data sets. From the table one
can see that for the toy data set, the proposed technique yielded a classification accuracy
of 100% starting with only 8 initial labeled samples, whereas both the PTSVM (95.90%)
and the MPTSVM (97.10%) techniques failed to achieve the same accuracy under the
same conditions. For the vowel, the iris, the diabetes and the letter recognition data
sets, the proposed technique starting with different numbers of initial labeled samples
always resulted in higher classification accuracy than the other techniques. For example,
considering the iris data set with 18 initial labeled samples, the proposed technique
resulted in a 96.47% classification accuracy, whereas the best accuracy obtained by the
existing literature methods is 94.87%. Similarly, for the vowel, the diabetes and the
letter recognition data sets, one can see that the proposed technique always achieved
at least 2% higher classification accuracies compared to those obtained by the literature
methods under the same conditions. Moreover, from Table 2.2 one can see that the
standard deviation of the accuracy provided by the proposed approach with respect to
the different trials is always smaller than those of the other techniques. This confirms the
better stability of the proposed method versus the choice of initial training samples. Since
the proposed technique selects the transductive samples not only considering the distance
from the SVM margin bounds, yet it also exploits the properties of the k-nn technique
and the cluster assumption, it reduces the probability of selecting wrong transductive
samples during the learning. Thus, it is more robust to solve classification tasks. For the
ionosphere and the ISOLET data sets, the proposed technique only slightly improved the
accuracy as compared to the literature techniques. This may be due to the fact that the
cluster assumption criterion incorporated by the proposed technique may be less effective

for these high dimensional data sets.

The second set of experiment was devoted to analyze the performance of the proposed
technique by varying the value of the regularization parameter for transductive patterns
C*. As explained in Section 2.4, the initial and incremented (after completion of an

iteration) value of C* are computed based on the value of the user defined growth rate
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Table 2.2: Average overall classification accuracy (acc) and its standard deviation (std)
obtained on ten runs starting with different number of initial labeled samples (|X]|).

Data sets |X| | Proposed | PTSVM | MPTSVM
acc std | acc std | acc std

Toy 8 100 0.00 | 95.90 3.68 | 97.10 1.83
Vowel 42 1 76.04 2.42 | 74.06 2.66 | 74.08 3.16
56 | 77.93 2.14 | 75.92 2.66 | 75.98 2.85

Iris 9 19512 3.83193.47 5.211|93.53 4.69

18 19647 3.41 | 94.87 4.15| 94.87 4.27

Diabetes 11 | 69.42 3.62 | 65.47 5.94 | 66.99 5.44

22 | 70.68 3.87 | 67.59 7.23|67.50 6.86
Letter Recognition | 280 | 68.93 2.79 | 65.81 2.58 | 66.32 2.17
561 | 77.32 1.21 | 71.74 1.45 | 73.37 1.82

Ionosphere 54 | 89.56 2.46 | 88.80 3.30 | 89.46 2.67
69 |92.02 1.51|91.33 1.38|91.34 1.18
I[SOLET 208 | 82.21 2.50 | 81.563 2.73 | 81.72 2.28

338 | 87.04 1.52|86.27 1.78 | 86.48 1.67

parameter [. Thus, in this experiment for all considered data sets [ was varied in the range
5, 10, 15 and 20. Table 2.3 shows the classification accuracies obtained by the proposed
technique for different values of [. From the table one can see that the classification
accuracy is not significantly affected. Thus, the value of C* can be computed by assigning

the value of [ in wide range.

Table 2.3: Average classification accuracy provided by the proposed approach for
different values of the user defined parameter [ used to compute the value of C*.

Data |X| Proposed technique

sets 1=5 | 1=10 | I=15 | 1=20

Toy 8 100 100 100 100
Vowel 56 | 77.71 | 77.93 | 78.12 | 77.83
Iris 18 196.42 | 96.47 | 96.58 | 96.51
Diabetes 22 | 70.75 | 70.68 | 70.62 | 70.57
Letter Recognition | 561 | 77.27 | 77.32 | 77.05 | 76.96
Ionosphere 69 | 91.81 | 92.02 | 92.16 | 92.08
ISOLET 338 | 86.87 | 87.04 | 87.13 | 86.95

2.6 Discussion and Conclusion

In this chapter we have proposed a novel semi-supervised technique based on PTSVM

for solving pattern classification tasks, which overcomes the limitations of the existing
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PTSVM based methods. The existing techniques select the transductive samples by
exploiting only the properties of the SVM classifier. They do not take adequately into
account the low-density region of the feature space as well as the possible poor initial
training set in the definition of the criterion for selecting transductive samples. As a result,
the probability of selecting wrong transductive patterns (the actual labels of the patterns
are different from the automatically assigned labels) becomes high and the classification
performance may result degraded. To overcome this problem, the proposed technique not
only exploits the properties of the SVM classifier, yet it also exploits a k-nn technique

and the cluster assumption for selecting accurate transductive samples.

To empirically asses the effectiveness of the proposed method we compared it with other
PTSVM based approaches existing in the literature using a toy data set and six real data
sets. By this comparison we observed that the proposed method provided better accuracy

compared to the existing techniques on the considered data sets.

Compared to the existing methods the proposed technique needs some additional time for
using the k-nn technique. However, since the proposed technique computes the k-nearest

neighbors of few samples this does not take significant additional time.

39



40



Chapter 3

A Fast Partition-based Batch-mode Active
Learning Technique using SVM Classifier 2

3.1 Introduction

Active learning (AL) is one of the machine learning techniques extensively used in recent
years for pattern classification [123]. In AL paradigms, first the classifier is trained with
the small number of labeled samples. Then the most informative samples are queried
from the unlabeled pool and the training set is updated on the basis of a supervisor
who assigns the labels to the selected samples. The steps of training and updating the
training set are repeated until the most of the unlabeled samples can be classified with
reasonably high confidence. As a result, the labeling of non-informative samples is avoided
which increases the quality of the training set and reduces the labeling cost to the larger

extent.

The basic motive of AL paradigms is to design a query function by incorporating a
criteria which selects the most informative samples from the unlabeled pool for labeling.
Numerous AL paradigms exist in the literature which can be broadly classified into three
categories based on their query functions: i) Committee-based heuristics, where the
learner uses disagreement among the committee members to determine the uncertain
samples for labeling [189, 190, 191]. ii) Posterior probability-based heuristics, where the
learner employs estimation of posterior probability density function for sample selection
[123, 192, 105]. iii) Large margin-based heuristics, where the distance from the separating
hyperplane generated by SVM classifier is used to select samples for labeling [193, 124,
194, 171, 195, 169, 196, 197, 198, 199]. Depending on the number of samples to be
selected at each iteration, two paradigms of AL exist in the literature: 1) Selects only
one informative sample at each iteration [189, 123, 190, 191, 193, 192, 105, 124, 171] and,
2) Selects a batch of informative samples at each iteration [170, 169, 200, 196, 197, 198,
199, 168]. To speed up the classification process, batch-mode AL techniques are more

familiar in the pattern recognition literature.

2This chapter has been published in “Soft Computing, Springer”, 2017 .
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Most of the batch-mode active learning techniques exist in literature select the most in-
formative samples by using query function which first incorporates uncertainty criterion
followed by the diversity criterion. The uncertainty criterion is associated with the confi-
dence of the supervised algorithm for the correct classification of the considered samples
while the diversity criterion aims at selecting a set of unlabeled samples that are as more
diverse as possible in the feature space which reduces the redundancy among the samples
selected at each iteration [198]. The batch-mode active learning techniques presented in
the literature [170, 196, 168, 199, 169], first selects m(m > 1) most uncertain samples
from the unlabeled pool U which are closest to the one-against-all SVM decision hyper-
planes. Then the batch of A(1 < h < m) samples is selected from the already selected
m most uncertain samples by applying a diversity criterion. Brinker in [170] proposed a
diversity measure that consider the angles between the induced classification hyperplane.
Tuia et al. in [169] incorporated the diversity criterion in active learning technique by
selecting samples which are closest to distinct support vectors. Clustering-based diversity
measures have been incorporated in [196, 199] to design the query functions for active
learning techniques. Huo and Tang [168] proposed a diversity criterion by partitioning
the one-against-all SVM decision hyperplanes. Since all the above mentioned techniques
first select m most uncertain samples based on current SVM decision hyperplanes and
then apply the diversity criteria to select h most informative samples to retrain the clas-
sifier, there is high possibility of biased shifting of SVM decision hyperplanes when the
poor initial labeled samples are available (i.e. if the initial decision hyperplane is poor).
In this work, the authors proposed a novel active learning technique which is fast and

robust to select most informative samples.

The proposed active learning technique first employs a novel partitioning method which
partitions all the unlabeled samples around the mean of the unlabeled pool U in one-
dimensional (1-D) space. This partitioning of unlabeled samples is independent of the
classifier decision hyperplane. After partitioning, at most one sample from each non-
empty partition (this helps to select diverse samples) which is nearest to the SVM decision

hyperplane (this helps to select most uncertain samples) is selected for labeling.

The contribution of the proposed algorithm is summarized in threefolds: i) The proposed
technique first partitions the unlabeled pool U so that the informative samples are se-
lected from all the uncertainty regions of the feature space. This mitigates the biased
shifting of SVM decision hyperplane when the poor initial labeled samples are available,
i.e., the initial decision hyperplanes are poor. ii) The partitioning method employed in
the proposed technique, partitions the unlabeled data in 1-D space, i.e., transforms the

original feature space into 1-D feature space. Hence, the diversity criterion used to define
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query function of the proposed technique is faster than the existing criteria. As a result,
proposed technique is computationally less demanding. iii) In most of the existing batch-
mode AL techniques, the number of samples selected at successive iterations is fixed and
given as input by the user. There exist no specific criteria to decide how many samples
should be selected at each iteration to retrain the classifier. In the proposed technique,
the number of samples selected at successive iteration depends on the number of non-
empty partitions generated and determined automatically. The experimental results of
proposed technique using four different UCI repository data sets compared with four dif-

ferent state-of-the-art techniques show the effectiveness of the proposed technique.

This chapter is organized into six sections. In Section 3.2, a brief overview of active
learning paradigms have been recapitulated. Section 3.3 presents the overview of SVM
classifier. The proposed technique is presented in Section 3.4. Section 3.5 presents the
detailed description of the experimental settings and the analysis of results obtained.

Section 3.6 concludes the proposed work and the ways ahead in future.

3.2 Active Learning

Active learning is an iterative learning procedure where the supervisor repeatedly anno-
tate new sample/s selected by the query function. The AL paradigm can be represented
by quintuple (G, @, S, L,U) [201]. The classifier G is trained on the samples present in
the training set (L). The query function @ selects the most informative samples from the
unlabeled pool U. The supervisor S assigns the true class label to the samples selected
using ) from U. Those newly classified samples are added in the pool L. Further the
classifier G retrains the updated training set L and the steps of querying and retraining
are repeated till the stopping criterion is met. The generalized form of AL process is

presented in Algorithm 3.1

Algorithm 3.1 Standard AL algorithm

1: The classifier GG is trained with the initial training set L.

2: Classify the pool of unlabeled samples in U.

3: repeat

4 Using query function @), query a set of samples from the pool U.
5: The selected samples are labeled manually by the supervisor S.
6

7

8

The newly labeled samples are added to the training set L.
The classifier G is retrained with updated training set L.
. until stopping criterion is satisfied.
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3.3 SVM Overview

The authors present a fast batch-mode AL technique to solve pattern classification task
using SVM classifier. In the proposed technique, the SVM classifier is used for both
the classification purpose and the uncertainty criterion involved in the design of query
function of AL. SVM is a supervised classifier based on statistical learning theory [202]
and has excellent performance in many real-world applications. The set of support vectors
is the main characteristic of SVM classifier [166].

SVM is a supervised binary classifier that aims to separate the d-dimensional input feature
space into two sub-spaces(one for each class) using a separating hyperplane. Assume that
the training set consists of N labeled samples (;;v;) for i = 1 to N such that z;¢R¢ and
y;e{+1, —1} denotes the associated labels which represent classes w; and wy. Then SVM
finds an optimal hyperplane which separates the two classes correctly and also maximizes
the margin which is defined as the distance between the nearest point and the hyperplane.
Thus the training phase of the SVM classifier can be standardized as an Lagrange’s

optimization problem and can be represented by following dual representation:

N N N
. 1
mazximize Z =3 Z Z ;oYY 0(x) o) (3.1)
i=1 i=1 j=1
N
subject to Zaiyi:O and 0 <o, <C, Vi=1,...,N (3.2)

where «; is the lagrange multiplier, C is a constant used to penalize the training errors
of samples. According to Karush-Kuhn-Tucker conditions [203], most «; is zero, only the
training data that lie on or inside the margin plane have non-zero «;, and such samples are
known as support vectors(SV). The function ¢(x) is a mapping function that transforms
the training pattern x from its original feature space to a higher dimensional feature space
and the dot product ¢(z;)¢(z;) given in Equation (3.1) is computed in the transformed
feature space. Two major problems may arise to compute the dot product between the
pairs of training patterns in the transformed feature space. First, how do we choose
the mapping function ¢(x)? Second, the computations involved to compute the dot
product in higher dimensional space are heavy. Both these problems can be solved using
a mathematical trick known as kernel trick. Instead of computing the dot product on
the transformed higher dimensional feature space, it turns out that it is mathematically
equivalent to apply a kernel function, K (z;,z;), to the original input feature space, i.e.,

(K (z,z;) = ¢(x;)p(x;)). In other words, wherever the expression of dot product of
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¢(x;)¢(x;) appears in the training algorithm, one can replace it with K(z;,z;) [204].
Mercer conditions [205, 202] ensure about the candidate kernel whether it is dot product
in feature space or not. If the candidate kernel is not a dot product that means it is
not admissible for use in SVM. For a given test sample x, the decision function f(z) is

computed as:

fl@) =Y ayK(z, ;) +b (3.3)

z;eSV

where b is the perpendicular distance of the hyperplane from the origin, known as bias.
The sign of the decision function f(z) defined in Equation (3.3) is used to predict the
class label of x. For more details, one can refer to [206, 207, 208]. SVM can also be
used for multiclass problems by adopting ensemble of binary SVMs such as: one-against-
all (OAA) and one-against-one (OAO). In this work, we adopted the OAA architecture
which is a parallel architecture made up of n binary SVMs, one for each information
class. Every SVM solves a two-class problem defined by one information class against all
rest of the classes. Thus, if we have n classes, for a test sample x, n functional distances
{f1(x), fo(z), ..., fu(x)} Will be obtained. Now the pattern x will be assigned to j* class

if j = arg max {f;(z)}.

=1,4,...y

3.4 Proposed Technique

The authors proposed a fast batch-mode active learning technique by defining a novel
query function that selects variable number of most informative samples from the un-
labeled pool U to retrain the SVM classifier at successive iterations of AL. As men-
tioned before, most of the batch-mode SVM-based AL techniques existing in literature
(170, 196, 168, 199, 169], first, select m(1 < m) uncertain samples based on the current
SVM decision hyperplanes. Then applies the diversity criteria to select h informative
samples from m samples for labeling. Such techniques suffer with the limitation of the
biased shifting of hyperplanes, when the poor initial labeled samples are available. As a
result, more samples need to be labeled to obtain better classification results. To mitigate
this limitation, in the present work, we proposed a fast and novel partitioning method to
partition the available unlabeled samples in such a way so that the diverse samples can
be obtained from the whole feature space. The novel partitioning method proposed in

the present technique is elucidated in next subsection.
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3.4.1 Proposed partitioning method

In order to select the diverse unlabeled samples from the unlabeled pool U and to decrease
the redundant samples among the selected samples, we proposed a novel partitioning
method that divides the available unlabeled samples into different partitions in the feature
space. Let U = {xy,29,x3,......,27} be the pool of unlabeled samples. The mean of
unlabeled pool U say, z,, is computed as z,, = % 22:1 x; and the set D = {dy,ds, .....,d;}
is obtained by computing the distance of each unlabeled sample z; € U from the mean z,,.
The minimum, average and maximum values in D say dyin, dmean and dpyqz, respectively,
will be used to partition the samples in U. To this end, first the elements in D are sorted
and then divided into two subsets D; and D, such that D; consist of all those unlabeled
samples with distance within [d,,in, dimean] and Dy within (dpean, dimaz]. These two subsets
Dy and Dy help us to adjust the width of each partition. The width of each partition
of unlabeled samples in the subsets D; and D, represented by W; and Wj is computed

as:

| D1

Wi=e > (di—diy) (3.4)

i=2,d; €D

| D2

1
Wo = > (di—di) (3.5)

1=2,d;€D2
Thus the width of partitions of each subset D; and D, can be formed using Equations

(3.6) and (3.7) given below:

Lp(i) = dpin + (i = VW1 and Up(i) = dpin + ())W3 (3.6)

Lp(Z) = dmean + (Z - 1)W2 and UP(Z) = dmean + (Z)WQ (37)

where Lp and Up represent the lower and upper bounds of each partition. Let P be
the set of partitions generated by using Equations (3.6) and (3.7). Now each non-empty
partition P; may consist of different number of samples depending on the width of the

partition and the distance from the mean sample 7,,.

For illustration,consider the randomly generated unlabeled pool U of 29 samples with
two-dimensional feature space as shown in Figure 3.1. Following steps illustrate the

details of the proposed partitioning method:
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Figure 3.1: Illustration of the proposed partitioning method.

e Compute the mean sample z,, of U ie. I, = (5.31,5.66), represented by the
diamond in Figure 3.1. Compute |d;| of each sample from the mean sample Z,,.
The set D consist of 29 absolute distances from z,,. Sort D and compute d,.;y
and d,,., obtained as 0.77 units and 6.39 units which provides the information
that the first partition can be found 0.77 units and the boundary of last partition
can be found 6.93 units far from z,,. The computation of distance from the mean
sample Z,, of unlabeled samples basically transformed the original feature space into
1-D feature space which reduces the complexity and determines the diverse(non-

redundant) samples faster.

e To determine the width of each partition, the set D is divided into two subsets such
that D; consist of all the distances less than or equal to d,eqn 1.6 D1€[0.77,3.96] and
Dy with the distances greater than d,,eq, 1.6 D2€(3.96,6.39]. By using Equations
(3.4) and (3.5), we obtain two widths of partitions say, W; = 0.239 units for the
samples with d; <= d,ean and Wy = 0.148 units for the samples with d; > d,,can-

The boundaries of each partitions are generated using Equations (3.6) and (3.7).

e Once the partitions are obtained, the unlabeled samples belong to U are mapped
to their respective partitions. The partitions with no samples are completely dis-
carded. The non-empty partitions with in the range [din, dmean] have width of
approximately 0.239 units and those with in the range (d,ean, dmaz] have width
0.148 units approximately. It can also be observed that the total number of parti-
tions formed were 30 but the non-empty partitions were only 17. In Figure 3.1 only
those 17 non-empty partitions are represented by using concentric circles around

the mean sample z,,.
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3.4.2 Selection of informative samples

In AL the goal of the query function is to select most informative samples from the un-
labeled pool U, so that minimum number of unlabeled samples need to be annotated
without compromising classification accuracy. In the proposed query function, the di-
versity criterion is incorporated by selecting at most one unlabeled sample from each
non-empty partition. Diversity criterion alone is not sufficient to design a good query
function. Uncertainty criterion that identifies the most uncertain samples (samples which
have lowest classification confidence) plays significant role in query function. In this work,
SVM with OAA architecture has been exploited to incorporate uncertainty criterion in
query function. As explained before, in OAA architecture if we have n classes, n decision
hyperplanes {f1(), f2(), ..., fu()} one corresponds to each information class is obtained.
Considering these n decision hyperplanes, several techniques exist in the literature to
define uncertainty criterion. Among them, the well-known marginal sampling (MS) ap-
proach [194] is used in the proposed technique. In MS approach, the sample with the
smallest distance to any of the decision hyperplane is considered to be most uncertain

and determined as follows:

vj = arg min{ min {|fi(zy)[}} (3.8)

where | f;(x)| represents the absolute value of f;(zx). In the proposed technique, a batch
of informative samples are chosen by selecting one most uncertain sample from each
non-empty partition. In details, let { Py, P5, Ps, ...., Py} be the k non-empty partitions of
the unlabeled pool U obtained as described in Section 3.4.1. Then k£ most informative

samples one from each partition is selected as follows:

n = arg min{ win {|fi(e;)[}} 1=1,2,..k (3.9)
z;€P 1=1,...,n

After selecting a batch of informative samples using the proposed diversity and uncer-
tainty criteria, a true label is assigned to the selected samples and the SVM classifier is
retrained with the updated training set. The process is repeated till the stop criterion is

satisfied. The generalized form of the proposed technique is given in Algorithm 3.2.
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Algorithm 3.2 Proposed AL algorithm
1: Input:
L:The labeled training set.
U:The unlabeled sample pool.
G:The supervised classifier (SVM).
Q:The query function.
Stopping Criterion
Begin:
The classifier G is trained with the initial training set.
Classify the unlabeled samples of the pool U.

10: repeat

11: Divide the unlabeled pool U into partitions { P} as described in Sect. 3.4.1.

12: Discard the empty partitions.

13: Using proposed query function ), query a sample from each non-empty partition

P, as described in Sect. 3.4.2.
14: Assign label to the selected samples with the help of the supervisor S.
15: Add newly labeled samples to the training set L and update the U.
16: The classifier G is retrained with the updated training set L.
17: until (Stopping criterion)

3.5 Design of Experiments

3.5.1 Data Sets

To visualize the effectiveness and robustness of the proposed technique, four different
UCI data sets have been used. The first data set which is widely used for classification
of patterns is Ionosphere. It was collected by Goose Bay, Labrador and consist of 351
free electrons patterns with 34 input features and two overlapping classes. The second
famous UCI Iris Plants data set has 3 classes of Iris plants with 50 instances of each
class. One class is linearly separable from the other two classes, but the rest two are
not linearly separable from each other. The third UCI data set is Pima collected by
Vincent Sigillio, The John Hopkins University. It consists of 768 patterns of Pima Indian
Heritage female patients with age 21 years or above. Each instance has 8 attributes and
two overlapping classes: tested negative or positive for diabetes. The fourth UCI data
set named Vehicle was gathered at the TT in 1986-1987 by JP Siebert. This data set is
used to discriminate between silhouettes of model cars, vans and buses and consists of
946 instances of vehicles. Each instance has 18 attributes and can be classified in four
classes: OPEL, SAAB, BUS, and VAN .

For the considered data sets, instances were randomly divided into the training and test
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sets represented as T and T'S respectively. The subset of instances of the training set T'
selected randomly as initial training set L and the remaining instances were considered
under the unlabeled pool U. Table 3.1 provides the description of each data set along

with the samples for different classes in corresponding learning sets (L, T'S,U).

Table 3.1: The number of instances for each class in the: initial training set (L), test
set(TS) and unlabeled pool(U) for the considered UCI data sets

Data Set Classes No.of Samples
L | TS U
Iris Setosa 2 | 15 33
Versicolour 2 | 15 33
Virginica 2| 15 33
Total 6 | 45 99
Ionosphere good 8 1225 | 150
bad 4 1126 84
Total 12 | 351 | 234
Pima Non-Diabetic | 4 | 150 | 346
Diabetic 2| 80 186
Total 6 | 230 | 532
Vehicle OPEL 3 | 64 145
SAAB 3 | 65 149
BUS 3 | 65 150
VAN 3 | 60 136
Total 12| 254 | 580

3.5.2 Experimental Settings

In the experiments, the authors have adopted SVM classifier with radial basis function
(RBF) kernel. The SVM parameters {o,C} were derived by applying a grid search
according to a cross-validation technique. To assess the effectiveness of the proposed
technique, it has been compared with the four state-of-the-art SVM-based batch-mode
active learning techniques: 1) the MS-RP [168], 2) the MS-cSV [169], 3) the MS-ABD
[170], and 4) the MS [171]. In all these techniques, the SVM classifier is used for both
the purposes: i) classification and, ii) to incorporate the uncertainty criterion to design
query function. In the MS approach, a batch of m(m > 1) unlabeled samples closest to
the one-against-all SVM decision hyperplanes are selected for labeling at each iteration
of AL. On the other hand, after selecting m most uncertain samples by employing MS
criterion, the MS-RP, MS-cSV and MS-ABD techniques select h(h < m) informative
samples from the m samples by using XOR-based partition, closest support vector and

cosine angle-based diversity criterion, respectively. To compare the proposed technique
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with the existing batch-mode state-of-the-art active learning techniques, the batch size
is taken as 8. All the active learning algorithms have been implemented in MATLAB
(R2012a). The LIBSVM library [209] for MATLAB interface has been used to implement
multiclass SVM with OOA architecture.

3.5.3 Results Analysis

To exhibit the effectiveness of the proposed technique, three different experiments were
performed. The first experiment exhibits the robustness of the proposed technique by
comparing its performance with the four other state-of-the-art techniques on the four real
data sets. To compare the performance of proposed technique with the existing techniques
three metrics have been considered (i) average overall classification accuracy (OA), (ii)
its standard deviation(s) and (iii) average kappa accuracy (k). Overall classification
accuracy (OA) is defined as the ratio of the number of samples classified correctly to the
total number of training samples present in the test set. Standard deviation of overall
classification accuracies obtained for different runs measure the stability of the technique
with respect to the initial available labeled samples. Low standard deviation indicates the
robustness of the AL technique also when the biased initial labeled samples are available.
The kappa accuracy (k) is another measure to compute how closely the samples in the
test set are classified by the classifier. Mathematically, both overall classification (OA)
and kappa (k) accuracies are computed by generating a confusion matrix of the test set.
Let CM = cm;j,1 <=1 <=c,1 <= j <= c be the generated confusion matrix for a test
set containing N samples with c classes, where, cm;; indicates the number of samples of
class 7 that were labeled by the classifier as class j. Then overall classification accuracy

and kappa accuracy is computed as follows:

OA — Zchm % 100 (3.10)
L N S, cmii — 22:1(25:1 cmy; X 35 cmyi) (3.11)

N2 — Zi:l(Zj:l cmij X Z;:l cmi)

In the experiment the proposed active learning process was repeated for 15 runs each with
different randomly generated initial training sets. Since the number of samples selected
at successive iterations depend on the number of non-empty partitions generated around
the mean of the unlabeled samples. All the 15 training sets generated randomly may not
have same number of samples selected at each iteration. Thus, those five training sets,
where the number of samples selected is same (with 1 difference) have been considered

to compute the average overall classification accuracy (OA) and average kappa accuracy
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(k) for each data set. Table 3.2 reports the results of average overall classification accu-
racy (OA), its standard deviation(s) and the average kappa accuracy (k) for the given
number of samples selected to retrain the model. Figure 3.2 presents the average overall
classification and kappa accuracies achieved by the proposed and the existing techniques
versus the number of samples included in different iterations for the considered data sets.
It can be observed that in the iris data set the average overall classification accuracy has
been improved by 2.38% and kappa accuracy has been improved by 3.3% when the train-
ing sample size is 65 and has been achieved in first iteration of the proposed algorithm.
In case of ionosphere data set, although the accuracy is comparable but the variations in
accuracy for five runs of the algorithm is very less as standard deviation is comparatively
low with respect to other existing techniques. Similarly for other data sets, the proposed

technique produced better results than the existing techniques.

To validate the robustness of the proposed technique, very less number of samples in the
initial training sets were considered as shown in Table 3.1. For the iris and pima data
sets, the number of initial samples taken is only 6 and for the ionosphere and vehicle
data sets, only 12 labeled samples were added randomly to the initial training set. The
small size of initial training set with biased samples for each data set ensures that the
initial SVM has very low accuracy as shown in Figure 3.2. This shows that the proposed
technique is independent of the initial SVM as the non-redundant samples are selected
by allocating equal weighted partition to each unlabeled sample followed by selection
of most uncertain sample from each non-empty partition considering all the uncertainty

regions of the feature space.

Second experiment measures the average computational time of the proposed and the
existing techniques for the same training data sets considered for the first experiment.
The experiments were carried out on a PC [INTEL(R) Core(TM)2 Duo 2.0 GHz with 2.0
GB RAM]. Table 3.3 shows the computational time in seconds taken by the investigated
techniques for all the four data sets for the newly selected samples. From Table 3.3, one
can observe that the required computational time has been reduced by minimum 3% and
can be as high as 37% in many cases. The proposed algorithm takes very less computa-
tional time because the n-dimensional original feature space has been transformed into
one-dimensional space and the diversity criteria incorporated using partitioning method
is independent of the decision hyperplanes of the SVM classifier. Also the number of in-
formative samples selected at successive iterations is not fixed but equals to the number
of non-empty partitions formed using diversity criteria, which may be larger than the

batch size fixed by user thus reduces the time complexity of the algorithm.
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Figure 3.2: (a), (c), (e), and (g) depicts the average overall classification accuracy (OA).
(b), (d), (f), and (h) depicts the average kappa accuracy (k) versus the number of
training samples obtained by the proposed, MS-RP MS-ABD, MS-cSV and MS

techniques for the considered real data sets.
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Table 3.2: Average overall classification accuracy (OA), its standard deviations(s) and average kappa accuracy(k) obtained on five

runs for different training data size at different iterations for the considered real data sets of the proposed and existing techniques:
MS-RP, MS-ABD, MS-cSV, and MS. The best results obtained from the proposed technique are highlighted in boldfaces.

Data Set |L| Proposed MS-RP [168] MS-ABD [170] | MS-cSV [169] MS [171]
0OA S k OA s k | OA s k | OA S k | OA s k

Iris 65 | 95.56 0.00 0.93 | 93.33 0.00 0.90 | 93.33 0.00 0.90 | 94.67 1.22 0.92]94.67 1.99 0.84
86 | 95.56 0.00 0.93 | 93.33 0.00 .90 |94.22 1.22 0091|9556 0.00 0.93]93.78 1.86 0.90
101 | 95.56 0.00 0.93 | 93.78 1.86 0.92] 9556 0.99 0.92 ] 9556 0.00 0.93|94.67 1.99 0.92

[onosphere 152 | 95.67 0.25 0.93 | 96.18 1.26 0.92 | 96.36 0.71 0.92 | 96.58 0.20 0.93 | 95.66 1.27 0.91
207 1 96.55 0.13 0.93 | 96.29 045 092 |96.41 0.33 0.92]96.55 0.69 0.93]96.35 0.24 0.92
2271 96.81 0.24 0.93 | 96.35 0.37 0.92 | 96.58 0.45 0.93|96.92 0.37 0.93 | 96.87 0.40 0.93
2421 96.92 0.37 0.93 |96.35 0.37 0.92|96.92 0.37 0.93|96.92 0.37 0.93|96.92 0.37 0.93

Pima 281 | 75.04 0.24 043 | 7426 2.03 044 | 75.04 3.32 044 | 7530 1.25 0.47| 7530 0.84 0.43
431 | 75.13 0.78 0.44 | 73.91 127 0.41 | 7461 1.64 043 |74.61 1.09 043 | 74.08 1.33 0.42
496 | 7496 0.79 043 | 75.04 1.0 044 | 7487 132 0437530 036 044 | 74.09 140 041
526 | 75.65 0.82 0.45 | 7539 1.09 0.44 | 75.74 1.08 0.45| 7522 0.44 043 | 7478 1.34 0.43
236 | 75.48 0.39 0.44 | 7426 0.89 0.44 | 75.04 0.50 044 | 75.04 050 0.44 | 7487 1.28 0.43

Vehicle 322 | 83.23 0.87 0.77 | 81.10 1.34 0.74 | 82.84 1.54 0.77 | 81.65 0.53 0.75| 82.76 1.61 0.75
480 | 83.70 1.77 0.78 | 83.31 1.61 0.77 | 83.15 242 0.77 | 83.94 154 0.79 | 83.31 237 0.78
522 | 83.86 2.03 0.78 | 82.68 1.21 0.77 | 83.31 2.10 0.78 | 84.09 2.24 0.78 | 83.15 2.11 0.78
o577 | 83.47 2.03 0.78 | 82.68 1.21 0.77 | 83.70 1.35 0.78 | 83.94 2.07 0.78 | 83.70 1.35 0.78
592 | 83.86 1.08 0.78 | 83.39 1.40 0.78 | 83.70 1.35 0.78 | 83.70 1.35 0.78 | 83.70 1.35 0.78




Table 3.3: Average computational time(in seconds) over 5 runs of the proposed and
existing active learning techniques for the considered real data sets.

Data Set | |L| | Proposed | MS-RP | MS-ABD | MS-cSV | MS
Iris 65 0.03 0.32 0.14 0.57 0.17
86 0.05 0.46 0.34 1.14 0.38

101 0.10 0.55 0.41 1.28 0.45
Ionosphere | 152 0.12 7.70 2.23 5.70 2.41
207 0.23 8.05 3.31 7.99 3.53

227 0.32 8.64 3.74 8.82 3.97

242 0.54 9.80 4.05 9.41 4.28

Pima 281 0.32 5.36 9.31 31.41 9.92
431 0.72 11.75 26.21 77.56 27.03

496 1.41 17.57 37.03 108.70 | 37.89

526 2.28 20.47 42.51 124.65 43.35

536 3.34 20.82 44.49 130.12 | 45.39

Vehicle 322 0.34 8.02 11.75 55.08 14.74
480 0.75 17.06 28.47 110.07 | 33.46

522 1.33 20.28 37.72 137.01 | 43.05

YU 2.02 23.42 41.19 146.92 46.60

592 2.73 24.12 42.60 150.99 48.06

Third experiment validates the need to determine that how many samples from unlabeled
pool at successive iterations should be selected to retrain the classifier. The proposed
algorithm was repeated for 15 runs each with randomly generated different initial training
sets. The batch size of the existing techniques is varied and the overall average classifi-
cation accuracy is computed for the fixed number of training samples. Table 3.4 shows
the average classification accuracy (OA) by varying the batch size of the existing tech-
niques: MS-RP, MS-ABD, MS-cSV, and MS. It can be observed that the average overall
classification accuracy generally decreases when the batch size increases as shown in 3.3.
This is because of the redundancy among the selected samples increases. Thus, selection
of optimal batch size is a critical issue in the AL process. In the proposed technique,

the partitioning method ensures that the number of unlabeled samples selected will be
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non-redundant even if the large number of samples are selected in an iteration. This is
mainly due to the reason that from each non-empty partition one most uncertain sample
is selected. Thus, in the proposed technique the automatic selection of batch of samples

at each iteration of AL ensures that the technique is adaptive.

Table 3.4: Average overall accuracy (OA) over batch size of the existing investigated
active learning techniques for the considered real data sets.

Data Set |L| | Batch Size | MS-RP | MS-ABD | MS-cSV | MS
Iris 66 10 93.48 94.37 94.96 93.78

20 93.94 93.48 94.81 93.62

30 93.03 94.07 95.26 94.22

60 90.81 94.52 93.63 94.55

Ionosphere 72 10 94.81 95.14 93.81 94.02
20 94.78 94.15 90.99 93.9

30 94.43 93.3 91.7 92.84

60 92.36 91.83 88.09 91.05

Pima 126 10 74.75 75.54 72.67 75.33

20 74.99 75.8 72.14 73.94

30 74.41 73.83 72.29 73.25

60 73.62 72.87 71.16 72.55

Vehicle 102 10 71.13 72.36 70.31 71.21
30 70.81 72.15 68.61 69.6

50 68.56 72.38 68.66 70.81

90 68.40 70.03 66.27 69.6

3.6 Conclusion

The main objective of this work is to present a fast and efficient batch-mode active
learning technique by combining a novel partitioning method with the intrinsic high gen-
eralization capabilities of SVM. In this chapter, we have designed a novel partitioning

method that partitions the unlabeled samples around the mean sample such that the
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Figure 3.3: The average overall classification accuracy (OA) versus the batch size for

fixed number of training samples of the different data sets for the existing techniques:
MS-RP, MS-ABD, MS-cSV and MS.

informative samples are selected from the whole uncertainty regions of the feature space.
As the diversity criterion incorporated is independent of the SVM decision hyperplane,
it does not allow the biased shifting of SVM hyperplane when poor initial labeled sam-
ples are available. Hence the proposed technique is robust in nature. Moreover, the
proposed partitioning method transforms the original n-dimensional feature space into
one-dimensional space by dividing the unlabeled pool of samples in equal weighted par-
titions around the mean of unlabeled samples. As a result, it is highly time efficient. In
the literature, there exist no specific criteria for batch-mode active learning techniques to
decide about the number of samples to be selected at each iteration of algorithm. It can
be observed that the proposed technique identifies the number of samples to be selected
in successive iterations without the human intervention. At most one most informative
sample is selected from each non-empty partition generated around the mean sample of
unlabeled samples. Thus, the number of unlabeled samples selected at each iteration is
determined automatically and the learner need not to decide and input the size of batch
to train the classifier. The empirical study of the proposed technique with the four exist-
ing batch-mode active learning techniques shows that the proposed technique is very fast
and always provides better or comparable classification accuracy. This technique will be

very effective when the pool size of unlabeled samples is very large.
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Chapter 4

A Context Sensitive Thresholding Technique

for Automatic Image Segmentation °

4.1 Introduction

Image segmentation plays vital role in various applications like medical imaging, object
detection, fingerprint identification, text recognition etc. [172, 179, 180]. It involves
segmenting an image into regions with uniform characteristics. If different objects belong
to an image are sufficiently separated from each other, then the histogram of the image
may have many peaks to represent different objects. The potential thresholds can be
found at the valley regions of the histogram by applying thresholding technique. A
survey of various threshold selection techniques and their applications can be found in
[149].

Thresholding techniques can be divided into bi-level and multilevel category, depending
on the number of thresholds required to be detected. In bi-level thresholding, an im-
age is segmented into two different regions depending on a threshold value selected from
the histogram of the image [172, 179, 210]. The pixels with gray values greater than
the threshold value are assigned into object region, and the rest are assigned into back-
ground. Multilevel thresholding segments a gray level image into several distinct regions

by detecting more than one thresholds [211].

Histogram of the image does not consider spatial contextual information of the image.
Thus, the existing thresholding techniques based on the histogram are unable to incor-
porate the spatial contextual information in the threshold selection process. Recently,
energy function is defined to generate the energy curve of an image by taking into an
account the spatial contextual information [175]. The characteristics of this curve is
similar to the histogram of an image. In this work instead of histogram, the energy
curve of the image is analyzed to find out the optimal number of thresholds. To select

multiple potential thresholds from the energy curve, concavity analysis technique [176]

3This chapter has been published in Computational Intelligence in Data Mining, Vol 2, Smart Innovation, Systems
and Technologies, Springer, Volume 32 pages 19-25, 2015.
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is employed. In order to select optimal number of thresholds from the list of potential
thresholds obtained by applying concavity analysis technique, a threshold elimination
technique based on cluster validity measure is proposed. The proposed threshold elimi-
nation technique remove some potential thresholds from the list to find out the optimal

number of thresholds for automatic segmentation of the image.

The rest of this chapter is organized as follows: Section 4.2 presents the proposed tech-
nique. Section 4.3 gives the detailed description of the data set and experimental results.

Finally, Section 4.4 draws the conclusion of this work.

4.2 Proposed Method

In order to take into account the spatial contextual information of the image for thresholds
selection, the energy curve published in [175] is employed. The detailed steps of the

proposed technique are given in the following subsections.

4.2.1 Energy Curve

Recently, we defined an energy function to generate the energy curve of an image [175]
which is based on the fact that the spatial relation among the neighborhood of each pixel
of the image helps in effective recognition of objects present in the image. This energy
function computes the energy of an image at each gray value by taking into an account
the spatial contextual information of the image. The characteristics of this energy curve is
similar to the histogram of an image i.e., if the energy curve of an image include peaks, we
can separate it into a number of modes. Each mode is expected to correspond to a region,
and there exists a threshold at the valley between any two adjacent modes. Since the
energy curve is generated by taking into an account the spatial contextual information
of the image, it is more smooth and may contain better discriminatory capability as
1 <i<m,1<j<n}bean

image of size m x n where [;; is the gray value of the image I at pixel position (4, j) such

compared to that of histogram. In details, Let I = {l;;,
that 0 < [;; < L. L is defined as the maximum gray value of the image I. For the given
pixel position (i, j), the spatial correlation with the neighbouring pixels is defined with
the help of neighborhood system configuration. This is done by selecting the square or
rectangular part of the image centered with the pixel position (7, j). The rectangular or
square area part is known as mask. The neighborhood system configuration or the size
of mask depends on the value of order [138, 212]. If d is the order value, then for the
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spatial position (4, j) the neighborhood system N is defined as:

d : : d
Nij = (Z +U,j +U), (U,U)EN (41)

Let d = 1, this implies the first-order neighbor system which means (u, v)e{(0, £1), (£1,0)}.
To define energy function, second-order neighborhood configuration has been considered
which implies (u,v)e{(0,%1), (£1,0), (1,£1),(—1,+£1)}. Figure 4.1 represents the first-
order and second-order configurations. The energy function is based on second-order

neighborhood configuration. Let E; be the energy value of the image I at gray value [

(i-1,j) (i-1,j-1) (i-1,j) (i-1,j+1)

(ij-1) @i.)) (i.j+1) @ij-1) (i) (ij+1)

(i+1)) (+1j-1) | (+L1)) | (+1j+1)

(a) (b)
Figure 4.1: Neighborhood Configurations: (a) First Order (b) Second order

which is computed as:

m n

Bi==> 3> byby+C (4.2)

i=1 j=1 pqufj

where B; = {b;;,1 < i <m,1 < j < n} such that b; = 1if [;; > [; else b;; = —1. ij
represents the second-order neighbor pixels of the pixel at spatial position (i, 7) and C' is

a constant ensures the energy value E; > 0.

4.2.2 Concavity Analysis

After generating the energy curve of the image, concavity analysis technique presented in
[176] is exploited to find out the list of potential thresholds from this energy curve. Let
E be the energy curve of an image defined over the set of gray level [0, L]. For concavity
analysis, we consider the subset of E say C defined over [ki, ko] such that C'(k;) and
C'(kz) are the first and last non-zero values of the energy curve E respectively. In order
to find concavities of C, the smallest closed polygon P is constructed in the range [ky, ko]
by following the same steps as described in [176]. As energy curve FE consist of peaks and

valleys, only those peaks lying on the closed polygon P will be considered as boundaries
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where the potential threshold may exist. Then the vertical distance between P and C'
for each gray level between the selected consecutive peaks is calculated using an equation
4.3. The gray level with maximum vertical distance V' between each selected consecutive

peaks is considered as potential threshold.

V(i) = Pli) — C0). (4.3)

The number of thresholds obtained by this technique may be larger than the number of
objects in the image. In order to select optimal number of thresholds for segmentation

the proposed threshold elimination technique is presented next.

4.2.3 Proposed Threshold Elimination Technique

In order to find the optimal number of thresholds for automatic segmentation, a cluster
validity measure called Davies Boulding (DB) index is used [213]. It is a function of the
ratio of the sum of within-object scatter to between object separations. Let wy,wo, ...., wg,
be the k objects defined by thresholds t; < ty < t3 < .... < tx. Then the DB index is
defined as:

UZ-Q + 0]2
Rij=—m
ij
R; = max;_1 iz { Rij} (4.4)
L&
DB = — R;
2>

where ¢? and O'JQ- are the variances of object w;, and w; , respectively, and d?j is the
distance of object centers w; and w;. Smaller the DB value, better is the segmentation

as a low scatter and a high distance between object lead to small values of R;;.

Let T' = {t1,ts, ..., tx } be the set of k potential thresholds obtained by applying concavity
analysis technique as described in Section 4.2.2. To find out the optimal number of
objects present in the image, first, DB-index is calculated by taking into account all the
k potential thresholds. In the next step, DB-index is calculated: i) by dropping the
left most trailing potential threshold ¢; from 7, ii) by dropping the right most trailing
potential threshold ¢ from 7". If the DB-index obtained by i) is smaller than the DB-index

obtained by ii), then drop t; else drop t; from T". The process is repeated until 7" contain
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single potential threshold. As a result, different combinations of potential thresholds
and their corresponding DB-index values are obtained. Finally the combination that is

associated with smallest DB-index is selected to segment the image.

Figure 4.2: Original Image Dataset: (a) Man, (b) Cameraman, (c¢) Fingerprint, (d) Two
Swans, (e) Peppers, (f) Lena, (g) House, and (h) Flinstones.
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# Pixels
# Pixels
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Figure 4.3: Smallest polygon that covers the histogram of the respective images: (a)
Man, (b) Cameraman, (c¢) Fingerprint, (d) Two Swans, (e) Peppers, (f) Lena, (g)
House, and (h) Flinstones.

4.3 Experimental Results
In order to assess the effectiveness of the proposed technique eight different images Man,

Cameraman, Fingerprint, Two Swans, Peppers, Lena, House and Flinstones are consid-

ered. Figures 4.3 and 4.4 show the smallest polygon obtained on the histogram and the
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Figure 4.4: Smallest polygon that covers the energy curve of the respective images: (a)
Man, (b) Cameraman, (c) Fingerprint, (d) Two Swans, (e) Peppers, (f) Lena, (g)
House, and (h) Flinstones.

energy curve of different images respectively, by applying concavity analysis technique.

From these figures one can observe that the energy curve of the image is more suitable

as compare to the histogram to determine potential thresholds due to its smoothness

property. Table 4.1 shows the different combinations of potential thresholds and their as-

sociated DB-index values obtained by using the proposed threshold elimination technique

considering both the histogram and the energy curve of the images. From the Table 4.1

one can observe that for all the considered images, proposed technique produced better

results when applied to energy curve of the images.
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Image Histogram Energy curve
Thresholds DB-index Thresholds DB-index
51013 39 172 183 0.4903 11 81 185 0.5662
10 13 39 172 183 0.5455 11 81 0.5693
510 13 39 172 0.4537 81 185 0.2046
10 13 39 172 0.5126 81 0.0291
510 13 39 0.2401 185 0.5219
Man 510 13 0.3767
10 13 39 0.2604
10 13 0.3865
13 39 0.2138
13 0.3816
39 0.0397
239 230 0.4410 | 5112 183 203 217 229 241 253 | 0.4262




Image Histogram Energy curve
Thresholds DB-index Thresholds DB-index
39 230 0.3874 5112 183 203 217 229 241 0.4497
239 0.2433 112 183 203 217 229 241 253 0.1910
2 0.3752 112 183 203 217 229 241 0.1842
39 0.0639 183 203 217 229 241 253 0.2316
112 183 203 217 229 0.2147
183 203 217 229 241 0.2298
183 203 217 229 0.2667
112 183 203 217 0.2577
112 183 203 0.2302
183 203 217 0.3202
112 183 0.1617
183 203 0.3008
112 0.0444
183 0.2500
42 141 194 195 207 | 0.5714 43 174 206 0.5259
42 141 194 195 0.6415 43 174 0.6313
141 194 195 207 0.5247 174 206 0.1694
141 194 195 0.6006 174 0.1480
Fingerprint 194 195 207 0.6611 206 0.7923
141 194 0.3870
194 195 0.7112
141 0.0305
194 0.6595
51 59 85 0.2451 51 87 0.1818
51 59 1.6360 51 0.8175
Two Swans 59 85 0.3978 87 0.1800
59 1.5467
85 0.1922
54 131 204 0.1728 81 121 219 0.2120
54 131 0.1266 81 121 0.1957
Peppers 131 204 0.2114 121 219 0.1956
54 0.1762 121 0.1866
131 0.1830 219 0.2766
37 129 168 225 0.2470 39 69 111 136 185 0.1872
37 129 168 0.2568 36 69 111 136 0.2456
Lena 65




Image Histogram Energy curve

Thresholds DB-index Thresholds DB-index

129 168 225 0.2160 69 111 136 185 0.1675

129 168 0.2187 69 111 136 0.2355

168 225 0.2333 111 136 185 0.1950

129 0.2323 111 136 0.2894

168 0.2524 136 185 0.2080

111 0.1981

136 0.2466

182 194 0.1801 111 144 194 0.2444

182 0.1318 111 144 0.1757

House 194 0.3128 144 194 0.2091

144 0.1231

111 0.2525

10 74 243 247 252 0.2500 9 15 31 70 94 205 249 0.3345

10 74 243 247 0.2584 15 31 70 94 205 249 0.3571

74 243 247 252 0.2290 9 15 31 70 94 205 0.2036

74 243 247 0.2342 15 31 70 94 205 0.2081

243 247 252 0.2489 915317094 0.2151

74 243 0.2340 1531 70 94 0.2229

Flinstones 243 247 0.2542 31 70 94 205 0.2091

74 0.2397 31 70 94 0.2279

243 0.2492 70 94 205 0.2313

70 94 0.2636

31 70 0.2481

70 0.2386

31 0.2416

Table 4.1: Combinations of potential thresholds and corresponding DB-index generated
by the proposed threshold elimination technique. The bold one is the optimal number
of thresholds selected by the proposed technique.

The optimal results obtained by the proposed technique as shown in Table 4.1 are high-

lighted in bold. For the images Man, Cameraman, Fingerprint, Two swans images,

proposed technique automatically determines single threshold to segment the images into

two regions. For the pepper image, it determines two thresholds to segment the image

into three homogenous regions by analyzing the histogram where as one threshold with

the energy curve of the image. For the Lena image, the proposed technique automatically

66




Figure 4.5: Segmented images with respect to optimal thresholds obtained by proposed
technique using histogram of the images: (a) Man, (b) Cameraman, (c¢) Fingerprint, (d)
Two Swans, (e) Peppers, (f) Lena, (g) House, and (h) Flinstones.

Figure 4.6: Segmented images with respect to optimal thresholds obtained by proposed
technique using energy curve of the images: (a) Man, (b) Cameraman, (c¢) Fingerprint,
(d) Two Swans, (e) Peppers, (f) Lena, (g) House, and (h) Flinstones.
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find out three and four thresholds by analyzing histogram and energy curve of the image
respectively. For qualitative analysis, Figure 4.5 and 4.6 shows the segmented images
obtained by the proposed technique considering the histogram and the energy curve of
the images. For the images Fingerprint and Pepper, the db-index obtained using energy
curve is slightly higher but the segmented images obtained using the energy curve are
better than that obtained using the histogram of the image. From these figures one
can visualize that the proposed technique based on energy curve produced much better

results.

4.4 Discussion and Conclusion

In this work we developed a thresholding technique that works on the context sensitive
energy curve of the images to determine the optimal number of thresholds to solve image
segmentation problem. In our proposed technique, first concavity analysis technique
exists in the literature is applied on the energy curve to detect all the potential thresholds.
After detecting a list of potential threshold, a novel threshold elimination technique is
used to remove some potential thresholds from the list to determine the optimal number
of thresholds for automatic segmentation of the image. To assess the effectiveness of
proposed technique, eight different images are considered in the experiment. From the
experiment, it is observed that the proposed technique provides better result as compared
to that applied on the histogram of the image. This is mainly because the histogram does

not consider the spatial contextual information.
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Chapter 5

A Fast Automatic Optimal Threshold Selec-

tion Technique for Image Segmentation *

5.1 Introduction

Image segmentation plays an important role in image analysis and computer vision. It
is a process of partitioning an image into several non-overlapping, homogenous regions
containing similar objects. In literature, there exist several techniques to solve image
segmentation problems, namely histogram thresholding, edge-detection, clustering and so
on [185]. If objects present in the image are distinguishable by their gray values, then the
histogram of the image may have many peaks to represent different objects. The potential
thresholds can be found at the valley regions of the histogram by applying thresholding
technique. Automatic detection of these thresholds is one of the major challenge in the
thresholding techniques. Due to the advantages of smaller storage space, fast processing
speed and ease in manipulation, histogram thresholding have drawn a lot of attention in
many applications like medical imaging, object detection, change detection, fingerprint
identification, text recognition etc. [214, 180, 215]. A survey of various thresholding

techniques and their applications can be found in [149].

Histogram thresholding techniques can be divided into bi-level [216, 210, 179, 173, 172,
217] and multilevel [218, 188, 219, 177, 220], depending on the number of thresholds
required to be detected. Otsu’s method [172] is one of the popular bi-level thresholding
technique that selects the optimal threshold by maximizing the between class variance.
The minimum error thresholding presented in [173] selects the optimal threshold by op-
timizing the criterion function based on the assumption that the object and background
pixels are normally distributed. In [179] the optimal threshold is determined by maxi-
mizing the entropy of the object and background pixels. Bi-level histogram thresholding
methods based on fuzzy sets theory are presented in [216, 210, 217]. In [220] a multilevel
thresholding method for automatic image segmentation is presented. A fast multilevel

thresholding based on low pass and high pass filter is proposed in [188]. Multilevel thresh-

4This chapter has been published in Signal Image and Video Processing, Springer, Vol 10, pages 19-25, 2015.
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olding methods based on optimization techniques are found in [218, 219, 177].

The aforementioned thresholding techniques are based on one-dimensional (1D) his-
togram of the image. Histogram based thresholding techniques are easy to implement and
usually have low computational burden. However, they do not take into account the spa-
tial contextual information in thresholds selection process. To mitigate this limitation,
two-dimensional histogram [221, 222], two-dimensional direction histogram [223], gray
level spatial correlation histogram [224, 225, 226] and gray level gradient magnitude his-
togram [227] have been proposed. Although these techniques produced improved results
but lost the basic advantages of 1D histogram based thresholding techniques. Moreover,
all these traditional histogram based thresholding techniques are unable to determine the

optimal number of thresholds for automatic segmentation of the input image.

In this chapter, a fast context sensitive multilevel threshold selection technique is pre-
sented to solve the image segmentation problems. To incorporate spatial contextual in-
formation in threshold selection process, the proposed technique employs recently defined
1D energy curve [175] of the image. The energy curve has the similar characteristics as
1D histogram of the image i.e., different objects in the image are represented by separate
modes in the energy curve and there is a valley between two adjacent modes. The pro-
posed technique follows three main steps to accomplish the segmentation task. First, it
compute the gray values associated with different peaks of the energy curve and then de-
tects all the possible thresholds passing through the middle of the two consecutive peaks
of the energy curve. In the second step, a technique based on cluster validity measure is
proposed to identify the optimal number of potential thresholds and their bounds (lower
and upper limits) where optimal value of potential threshold may exist. In third step,
the genetic algorithm (GA) is employed to compute the optimal value of each potential
threshold within their defined bounds to segment the image. The proposed technique has
several advantages: 1) it is context sensitive, ii) computationally less demanding, iii) pre-
serve the advantages of 1D histogram based thresholding techniques (like smaller storage
space, fast processing speed and ease in manipulation etc.), and iv) able to determine
the optimal number of segments in the image without expert knowledge. To assess the
effectiveness of proposed technique the results obtained are compared with four state-
of-the-art methods cited in literature. Experimental results on large number of images

confirmed the effectiveness of the proposed technique.

The rest of this chapter is organized as follows: The concept of Genetic algorithm (GA)
is presented in Section 5.2. The proposed technique is presented in Section 5.3. Section
5.4 provides the detailed description of the experimental settings and the results obtained

on the considered images. Finally, Section 5.5 draws the conclusion of this work.
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5.2 Genetic Algorithm

Genetic algorithm [228, 229] is a class of iterative procedure that simulate the evolu-
tion process of population of structures subject to the competitive forces prescribed in
"survival of the fittest” principle. It is based on the concept that high fitness structures
have relatively greater chance to survive and produce even higher fitness offspring. As a
result, overall fitness of population will increase in successive generations. GA algorithm
initialises itself with a random generation of population of individuals called chromo-
somes. Chromosome is a binary string of 0’s and 1’s and represents a point in the search
space. The chromosomes are evaluated quantitatively for performance as possible solu-
tion in search space. Those having high fitness values are given more opportunities to
produce better offsprings. In order to optimize, GA employs three operators to propagate
it’s population from one generation to another. Those operators are: Selection operator,
Crossover operator and Mutation operators. The selection operator mimes ”Survival of
Fittest” principal , crossover operator mimes mating in biological populations where as
mutation operator mimes characteristics of diversity in population so that algorithm may

not get trapped in local optimum solution. The algorithm (5.1) presents the pseudo-code
for GA.

Algorithm 5.1 Standard Genetic algorithm
1: Input:

2:  Maximum Number of iterations (M axe,)

3:  Population size

4. Crossover probability

5:  Mutation rate

6: Output:

7 Best solution

8: Begin:

9: Generate random population of n chromosomes
10: itr + 1

11: while itr # Max;;., do

12: for all Chromosomes in the population do
13: Calculate fitness value

14: end for

15: Select two parent chromosomes with better fitness value
16: Crossover the parents to form new offspring.
17: Mutate the new offspring

18: Replace new offspring in the population

19: wr = itr + 1
20: end while
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5.3 Proposed Technique

The framework of the proposed technique is presented in Figure 5.1. It consists of three
steps: 1) Initial thresholds selection, 2) Detection of optimum number of potential thresh-
olds, and 3) Detection of optimal value of each potential threshold. In the first subsection
a brief description of the energy curve and its role in initial thresholds selection is pre-
sented. The second subsection describes a novel technique based on the cluster validity
measure to determine the optimal number of potential thresholds and their bounds. The
final subsection presents a GA based technique to determine the optimal value of each

potential threshold to segment the input image. Each subsection is elucidated next.

Input the original image.
N7

Generate the energy curve of the image.

v

Obtain the mid-points of consecutive peaks
of the energy curve asinitial thresholds.

L7
Select optimum number of potential
thresholds using cluster validity measure.

v
Determine the bounds of each potential
threshold using neighbouring peaks.

v

Determine the optimal value of each potential
threshold within its defined bounds by using GA.

\2
Segment the input image with the optimal thresholds.

Figure 5.1: Framework of the proposed technique.

5.3.1 Initial thresholds selection

Histogram does not take into account the spatial contextual information of the image.
To incorporate spatial contextual information in threshold selection process, the energy

curve of the image defined in [175] is used here.

Let I ={l;;,1 <i<m,1 < j <n} be an image of size m x n where [;; is the gray value

of the image I at pixel position (7, ). The energy value Ej of the image I at gray value
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[ is computed as:

m n

Bi==> 3> byby+C (5.1)

i=1 j=1 pqufj

where B; = {b;;,1 < i <m,1 < j < n} such that b; = 1if [;; > [; else b;; = —1. ij
represents the second-order neighbor pixels of the pixel at spatial position (i, 7) and C' is
a constant that ensures the energy value E; > 0. For more details, the reader may refer
[175].

Like histogram of the image, the energy curve has very much similar characteristics. The
energy curve of the image also include peaks, which can be separated into number of
modes as that in histogram. Each mode is expected to correspond to a region, and there
exists a valley between any two adjacent modes. Since the energy curve is generated by
taking into an account the spatial contextual information of the image, it is smoother and
has better discriminatory capability as compared to the histogram of the image. Figure
5.2 shows the original House image, its histogram and energy curve. From these figures,
one can see that the energy curve of the image is smoother than the histogram of the
image hence the number of peaks (as well as valleys) exist in the energy curve is less
than that in the histogram of the image. Thus, energy curve may be a better choice for
suitable threshold selection than the histogram not only because of the inclusion of spatial
contextual information but also for the quick selection of optimal number of potential
thresholds.

5000 «10°

Pl

Mo of Fizels

Energy

] o Gray level 240 0 Gray level 240

Figure 5.2: (a) Original House image, (b) Histogram and (c) Energy curve. The circles
represent the peaks(local maxima) of the curves.

The energy curve based segmentation technique presented in [175] is unable to detect
optimal number of segments of the input image. The technique presented in [187] solves
this problem by employing concavity analysis technique [176]. Since concavity analysis
technique skip some valleys of the energy curve, it may fail to detect the optimal number

of potential thresholds. To mitigate these limitations, a novel initial threshold selection
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technique is proposed as follows:

Let E be the energy curve of an image defined over the set of gray level [0, L]. Consider
the subset of F say S defined over [k1,ks] such that E(k;) and E(ks) are the first and
last non-zero values of the energy curve E respectively. Let P = {po, p1, ..., Pn_1} be the
set of n peaks exist in S. Then the curve S can be partition into n + 1 regions namely
{(k1,p0), (Po,P1), s (Pn_1, k2) }, where each region may contain a threshold to distinguish
different objects present in the image. In the proposed technique, the possible n+1 initial
thresholds are defined by taking the mid-point gray value of each partition. The number
of initial thresholds obtained by this method may be larger than the number of objects
present in the image. The method to select the optimum number of potential thresholds
and their respective bounds where the optimal value of each potential threshold may exist

is presented in the next subsection.
5.3.2 Detection of optimum number of potential thresholds

In this subsection, a novel technique based on cluster validity measure is proposed to
detect the optimal number of potential thresholds. The optimal number of potential
thresholds are selected from the list of initial thresholds obtained from the energy curve.
It is agglomerative in nature. The proposed technique exhaustively merge two adjacent
modes to select optimal number of potential thresholds with the help of a validity measure
called Davies Boulding (DB) index [230]. It is a function of the ratio of the sum of within-
object scatter to between object separations. Let wq,ws,ws, ...,wr be the k objects of a
segmented image separated from each other by defining thresholds ¢4, t5, t3, ..., ti_1, where
t <ty <t3 < ..<tg_1. Thus, the pixels of the image whose gray values are in the range
[t;_1t;] construct the object w; of the segmented image. The DB index of the segmented

image is computed as:

k
1
DB=—-% R,
— y 5.2
fi= ) max, b o2
o7+ O'JQ-
iy — 2 .

where o7 and 0]2 are the variances of object w;, and w;, respectively, and dfj is the distance
between centers of object w; and w;. The gray values of the pixels belong to an object
are used to compute variance and center of that object. Smaller the DB value, better is

the segmentation as a low scatter and a high distance between object gives small values
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Let Ty = {t1,t2, ..., tx} be the set of k initial thresholds obtained from the energy curve.
To determine the optimal number of objects present in the image following steps are taken
into an account: First, DB index is computed by taking into account all the & thresholds.
Then at a time by dropping single threshold from T}, (k — 1) subsets each containing
(k —1) thresholds are generated along with their respective DB index values. From these
(k —1) subsets, the subset denoted as T}._; that produced minimum DB-index is selected
for further analysis. The same procedure is repeated to obtain another subset of Ty
denoted as Ty_» that contain (k — 2) thresholds with lowest DB-index value. The process
is repeated until the subset 77 consisting of single initial threshold is obtained. After
the computation of Ty, Ty,_1, Tk_o, ..., T3, and T} along with their corresponding DB-index
values, the subset T;(i = 1,2, ..., k) associated with smallest DB-index is chosen to select
the optimal number of potential thresholds. For the House image, different subsets of
potential thresholds generated by the proposed technique are shown in Table 5.1. Since
the subset T} correspond to the lowest DB index value, the optimal number of potential
thresholds is determined as 4 with the initial thresholds ¢; = 20,t, = 90,¢3 = 172 and
ty = 227.

Table 5.1: Different subsets generated by the proposed technique for the house
image.The optimal number of potential thresholds selected by the proposed technique
are represented in bold.

Subsets Thresholds DB index
Ty 20,40,66,90,114,140,172,202,227 0.1892
T3 20,40,66,90,114,140,172,227 0.1391
T 20,40,90,114,140,172,227 0.1245
T 20,40,90,140,172,227 0.1111
Ts 20,40,90,172,227 0.0974
Ty 20,90,172,227 0.0928
T3 20,172,227 0.0961
T 172,227 0.0971
T 172 0.1248

Since the initial thresholds are assumed as the middle of every two adjacent peaks of
the energy curve, the value of each potential threshold selected may not be optimal.
The optimal value of each potential threshold may lie any where within the range of
two adjacent peaks to which it belongs. Thus, to define the bounds of each potential
threshold where its optimal value may exist,the nearest left and right peaks associated to
a threshold are considered as its lower and upper bound, respectively. Figure 5.3 shows the

4 potential thresholds of the House image determined using the aforementioned technique
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and their respective regions where the optimal thresholds can be obtained.

x 10

Energy

0 50 100 150 200 250
Gray level

Figure 5.3: Potential thresholds ¢, 5, t3, and ¢, of the House image. The Gray region
associated with each potential threshold represents the range in which the optimal value
can be obtained.

5.3.3 Detection of optimal potential thresholds

To find the optimal (or near optimal) value of each potential threshold within their defined
range GA [231] is employed. Let k be the optimal number of potential thresholds obtained
from the energy curve of the image. In the proposed technique each chromosome is a
sequence of binary numbers representing these k thresholds. If each potential threshold is
represented by s bits then the length of the chromosome will be k x s bits. Initial values of
the potential thresholds in a chromosome are taken randomly within their defined ranges.
To compute fitness value of each chromosome in the population, DB index criterion
presented in Equation 5.2 is used. The fitness value computation, selection, crossover
and mutation are executed for a certain number of iterations to find optimal value (or
near optimal value) of each potential threshold within its defined range. The GA is
terminated when the average fitness value of the population becomes stable. Finally,
the chromosome in the population that has maximum fitness value (minimum value of
DB-index) represent the optimal thresholds. These optimal thresholds discriminate the

different homogenous regions of the image.

o.cesl

] 5 10 15 20 25
Generations

Figure 5.4: Convergence graph of the House image.
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The computational complexity of this step is significantly reduce by shrinking the search
space of GA. Since the lower and upper bound of each potential threshold are given as
input to the GA, the search space becomes narrower. Thus, the termination condition
is satisfied in less number of iterations. Figure 5.4 shows the convergence graph of the

house image.

5.4 Experimental Results

To evaluate the effectiveness of the proposed technique eight different images are con-
sidered for the experiments. Figure 5.5, 5.6, and 5.7 shows the original images, their
histograms and energy curves, respectively. From these figures one can observe that the
energy curve of an image has similar characteristics as that of histogram of the image i.e.,
it also has peaks and valleys to discriminate different objects as that of histogram. Since
the energy curve is generated by taking into an account the spatial contextual informa-
tion of the image, it is smoother and has better discriminatory capability as compared to
that of histogram of the image. Thus, without loosing the benefits of the histogram for

suitable threshold selection, energy curve may be a better choice.

Figure 5.5: Original Image Dataset: (a) Man, (b) Cameraman, (c) Fingerprint, (d) Two
Swans, (e) Peppers, (f) Lena, (g) House, and (h) Flinstones.

To assess the effectiveness of the proposed technique, results are compared with four
state-of-the-art techniques exist in literature. Since the technique is context-sensitive it
has been compared with two GA based context sensitive techniques: an energy curve
based (referred as ECCS) [175] and a pattern based (referred as PCS) [178]. The pro-
posed technique is also compared with two context insensitive techniques: a fractional-
order Darwinian Particle Swarm Optimization based (referred as FODPSO) [177] and
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Figure 5.6: Histograms of the experimental image data set: (a) Man, (b) Cameraman,
(¢) Fingerprint, (d) Two Swans, (e) Peppers, (f) Lena, (g) House, and (h) Flinstones.
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Figure 5.7: Energycurves of the experimental image data set: (a) Man, (b) Cameraman,
(¢) Fingerprint, (d) Two Swans, (e) Peppers, (f) Lena, (g) House, and (h) Flinstones.
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an entropy based histogram thresholding (referred as Kapur method) [179]. The ECCS
technique employs GA to detect optimal values for the predefined number of thresholds
by maximizing entropy of the energy curve. In PCS, first the input patterns are generated
corresponding to each pixel of the image by considering its neighboring pixels informa-
tion. In experiment each input vector corresponds to a pixel contain two components,
the gray value of the pixel and the average gray value of its four neighboring pixels.
After generating the input patterns, the PCS technique exploits GA to determine the
predefined number of cluster representatives to segment the input image. The FODPSO
is based on fractional calculus strategy which controls the convergence of particles thus
provides higher level of exploration and ensures global solution. The FODPSO selects
the predefined number of optimal thresholds by maximizing the between class variance.
The Kapur method [179] is a conventional histogram thresholding technique based on

entropy maximization.

To assess the effectiveness of the proposed technique a cluster validity measure S_Dbw
index which is not involved in the implementation of the proposed and existing techniques
is taken into account [232]. It is based on the cluster compactness in terms of intra-cluster

variance and inter-cluster density. The S_Dbw index with C number of clusters denoted
as S_-Dbw(C) is defined as:

S_Dbw(C') = Scat(C) + Den(C) (5.3)

where Scat(C') and Den(C') represent the intra-cluster variance and the inter-cluster
density, respectively. The number of clusters that minimizes the S_Dbw index can be

considered as an optimal number of the objects present in the image.

The algorithms have been implemented in MATLAB (R2012a). In order to fix different
control parameters value of GA, several experiments were performed by varying their
values within a wide range. From the experiments, it is observed that the proposed
technique produced similar results when the population size, crossover probability and
mutation probability of GA is varied in the range [20 80], [0.5 0.9] and [0.05 0.001],
respectively. In the present experiments, for all considered images the population size,

crossover and mutation probability is set as 20, 0.8 and 0.01 respectively.

Stochastic selection strategy is used to select fittest chromosomes from the mating pool.
For FODPSO based thresholding technique, both the individual and social weight of the

particles is set as 0.8. The fractional coefficient is set as 0.6.
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5.4.1 Results Analysis

The first experiment is devoted to analyze the validity of the thresholds obtained by the
proposed technique. Table 5.2 shows the initial thresholds, optimal number of thresholds
and their optimal values obtained by the proposed technique for different images. By
analyzing the histograms, energy curves shown in the Figures 5.6 and 5.7 and the results
reported in Table 5.2, one can visualize that for all the considered images the optimal
thresholds obtained by the proposed technique always pass through the valley region of
the energy curves as well as histograms of the images. As an example, for the Peppers
image the optimal thresholds 51 and 122 obtained by the proposed technique passes
through the valley region in both histogram and energy curve as shown in the Figures

5.6(e) and 5.7(e). This confirms the validity of the proposed technique.

Table 5.2: Initial thresholds, potential thresholds and optimal thresholds detected by
the proposed technique for different images.

Images Initial Potential Optimal
selected thresholds | thresholds thresholds
Man 10,22,34,45,107,206 107 81
Cameraman 8,22,31,35,47,61,67 89 90
71,74,82,89,92,97,102
104,141,178,180,197,234
Fingerprint 44,67,76,79,82,85 139 120
90,95,97,106,117,139
161,165,179,208
Two Swans 22,45,53,66,82,94 22,125 1,127
99,104,108,112,116,120
125,133,140,142,146,149
153,157,160,169,186,198
202,206,212,217,223,237
Peppers 21,56,85,101,113,126 56,113 51,122
132,140,149,154,157,162
172,183,189,223
Lena 39,66,81,92,108,122 81,108 80,115,179
136,143,150,164,182,218 182
House 20,40,66,90,114,140 20,90 17,88,158,219
172,202,227 172,227
Flinstones 25,51,56,66,76,82,90 51,148 48,147,230,241,249
96,103,121,137,148,159 230,239
164,169,176,182,188,201 250
215,220,224,230,239,250
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Table 5.3: Quantitative results obtained by the proposed, the ECCS, the FODPSO, the PCS and the Kapur methods.

Images Proposed ECCSJ[175] FODPSO[177] PCS[178] Kapur[179]
Thres-| DB |SDbw |Thres-| DB |SDbw|Thres-| DB |SDbw Cluster DB |SDbw |Thres-| DB |SDbw
holds |index | index | holds |index |index | holds |index | index |representative |index | index | holds |index | index

Man 81 0.029 | 0.077 | 101 | 0.032 | 0.089 90 0.030 | 0.080 15.23 34.01 0.068 | 0.129 181 | 0.549 | 4.036
155.91 141.87
Cameraman 90 0.042 | 0.120 | 125 | 0.048 | 0.133 110 | 0.044 | 0.122 22.04 25.69 0.048 | 0.118 166 | 0.145 | 0.314
196.79 194.30
Fingerprint 120 | 0.029 | 0.060 | 124 | 0.029 | 0.060 126 | 0.029 | 0.060 63.99 93.31 0.617 | 0.116 153 | 0.050 | 0.105
186.76 168.18
1 0.075 | 0.299 83 0.186 | 0.433 103 | 0.133 | 0.325 52.52 55.26 0.345 | 0.460 83 0.187 | 0.430
Two Swans
127 162 176 74.70 78.21 163
201.81 149.20
51 0.129 | 0.251 71 0.161 | 0.297 71 0.159 | 0.283 75.10 76.10 0.257 | 0.540 79 0.189 | 0.373
Peppers 122 142 138 145.30 144.71 149
188.52 185.66
80 0.149 | 0.229 82 0.158 | 0.232 81 0.160 | 0.241 48.61 49.30 0.156 | 0.243 81 0.156 | 0.231
Lena 115 131 127 107.03 106.87 125
179 179 171 155.58 154.48 179
201.55 200.64
17 0.086 | 0.068 64 0.138 | 0.106 81 0.163 | 0.105 67.11 67.71 0.257 | 0.222 58 0.271 | 1.089
88 102 111 112.88 113.73 87
House 158 148 156 133.75 131.62 114
219 211 205 186.69 185.69 193
224.44 219.88
48 0.129 | 0.177 56 0.229 | 0.168 43 0.150 | 0.164 16.63 24.51 0.262 | 0.183 0 0.144 | 0.159
144 107 88 47.36 60.75 54
Flinstones 231 144 133 78.46 78.51 93
241 196 177 113.44 108.40 134
250 240 220 167.18 164.17 188
228.98 226.68




The second experiment compares the performance of the proposed technique with the
ECCS, the FODPSO, the PCS and Kapur methods by using different images. Table 5.3
reports the optimal threshold and corresponding DB index and S_Dbw index obtained
by the proposed, the ECCS, the FODPSO and the Kapur methods considering different
images. It also reports the cluster representatives, associated DB-index and S_Dbw index
obtained by the PCS techniques. From this table one can observe that the proposed
technique always produced better DB-index as compared to the ECCS, the FODPSO, the
PCS and the Kapur methods. These results are expected as proposed technique minimizes
the DB index to obtain optimal thresholds. For fair comparisons, another cluster validity
measure called S_Dbw index that has no involvement for the implementation of these
techniques is computed. From Table 5.3 one can observe for the images Cameraman,
Fingerprint and Flinstones the proposed technique produced similar S_Dbw index as
obtained by the most effective technique. For the other images the proposed technique
produced much better S_Dbw index. For qualitative analysis, Figures 5.8, 5.9, 5.10, 5.11
and 5.12 show the segmented results of the proposed technique as well as the existing
ECCS, FODPSO, PCS and Kapur’s technique repectively.

Figure 5.8: Segmented images of the experimental image data set using proposed
technique: (a) Man, (b) Cameraman, (c¢) Fingerprint, (d) Two Swans, (e) Peppers, (f)
Lena, (g) House, and (h) Flinstones.

The third experiment validates the consistency of the proposed technique. Figure 5.13
shows box-plot of all the images for 20 runs. Form this figure one can see that the widths
of the boxes are thin. This indicate the standard deviation obtained for each considered

image is very small which ensures the consistency of the proposed technique.

The fourth experiment deals with the computational time required by the different tech-

niques for the experimental images. All the experiments were carried out on a PC [IN-
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Figure 5.9: Segmented images of the experimental image data set using ECCS
technique: (a) Man, (b) Cameraman, (c) Fingerprint, (d) Two Swans, (e) Peppers, (f)
Lena, (g) House, and (h) Flinstones.

Figure 5.10: Segmented images of the experimental image data set using FODPSO
technique: (a) Man, (b) Cameraman, (c¢) Fingerprint, (d) Two Swans, (e) Peppers, (f)
Lena, (g) House, and (h) Flinstones.

Table 5.4: Computational time (in seconds) taken by the different techniques for all the
input images.

Images |Segments|Proposed| ECCS|FODPSO|PCS| Kapur
Man 2 3.59 5.33 4.36 20.14 0.6250
Cameraman 2 1.87 4.25 5.02 9.66 0.4375
Fingerprint 2 5.88 7.42 6.48 24.15 0.3750
Two Swans 3 2.36 4.19 7.27 13.78 1.1250
Peppers 3 1.78 4.07 5.33 22.05 0.9844
Lena 4 8.02 10.12 9.92 50.81| 45.5938
House 5 1.81 4.01 12.39 16.86| 2.2652e+03
Flinstones 6 8.55 10.75 12.61 64.02|11.4534e+-05
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Figure 5.11: Segmented images of the experimental image data set using PCS
technique: (a) Man, (b) Cameraman, (c) Fingerprint, (d) Two Swans, (e) Peppers, (f)
Lena, (g) House, and (h) Flinstones.

Figure 5.12: Segmented images of the experimental image data set using Kapur’s
technique: (a) Man, (b) Cameraman, (c) Fingerprint, (d) Two Swans, (e) Peppers, (f)
Lena, (g) House, and (h) Flinstones.

DEBE-index
[=]
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Images
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Figure 5.13: Box-plot of 20 runs for all the input images.
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TEL(R) Core(TM)2 Duo 2.0 GHz with 2.0 GB of RAM]. As explained earlier, the pro-
posed technique narrow down (shrinks) the search space of GA by defining lower and
upper bound of each detected potential threshold. Thus, the termination criteria is satis-
fied in less number of iterations. This resulted faster convergence of GA as compared to
the conventional optimization techniques. Table 5.4 shows the computational time taken
by the different techniques for all eight images. From this table, it can be observed that
the computational time required by the proposed technique is significantly lower than the
ECCS, the FODPSO and the PCS techniques. The Kapur method is computationally
efficient for detecting small number of thresholds. When number of thresholds increase
its computational complexity also increase exponentially. Thus, for the House and the
Flinstones images its computational time is very high. Moreover, the existing techniques
are unable to determine optimal number of segments present in the image. On the other
hand, the proposed technique automatically determines the optimal number of segments

present in the image.

5.5 Conclusion

In this chapter, a context sensitive fast threshold selection technique is proposed for
solving image segmentation problems. To incorporate spatial contextual information in
threshold selection process, the technique analyzed energy curve of the image recently
proposed in the literature [175]. The proposed technique first select all possible thresh-
olds by detecting valley regions of the energy curve. Then based on a cluster validity
measure it selects optimal number of the potential thresholds from the initial selected
thresholds. Finally, GA is employed to detect the optimal value of each potential thresh-
old. The proposed technique has several advantages: i) it is context sensitive, ii) it is
computationally less demanding, iii) it preserve the advantages of 1D histogram based
thresholding techniques, and iv) it is able to determine optimal number of segments

present in the image.

To assess the effectiveness of proposed technique the results obtained by it are compared
with the four state-of-the-art methods. Experimental results on large number of images

confirmed the effectiveness of the proposed technique.

Although the proposed technique produced better results, still there is a scope to improve
the results by using more sophisticated cluster validity criterion. As future developments
of this work, we plan to explore such different criteria to improve the results. Variants of

evolutionary approaches can also be explored to achieve the improved results. Moreover,
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the researchers may focus to develop a model where GA will detect the optimal number
of thresholds in addition to threshold values.
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Chapter 6

Conclusions and Scope for Further Research

6.1 Conclusions

In all the chapters (except Chapter 1) of this dissertation, conclusions drawn from the
respective methodologies developed and the experimental results have been presented in
respective chapters. Here we consolidate them to provide an overall summary on the

contribution of the thesis.

In chapter 2, we have proposed a novel semi-supervised learning technique for pattern
classification based on PTSVM which overcomes the limitations of the PTSVM based
techniques cited in literature. The existing PTSVM based techniques select the trans-
ductive samples by employing only the properties of SVM classifier and do not consider
the low-density region of the feature space. As a result, the classification performance
may be degraded when the poor initial training set is available. In order to improve the
classifier accuracy and to deal with such situation of low-density region, the proposed
technique has exploited the properties of the SVM classifier, a k-nn technique and the

cluster assumption property of patterns to select accurate transductive samples.

In chapter 3, we have proposed a fast and efficient batch mode active learning technique
by designing a novel partitioning method combined with the SVM to incorporate both
the diversity and uncertainty criteria so that most informative samples are selected in
successive iterations. The proposed technique first partitions the unlabeled pool U so
that the informative samples are selected from all the uncertainty regions of the feature
space. Thus the proposed technique is robust in nature as it does not depend on the
initial SVM (which is poor) and the partitioning does not allow the biased shifting of
SVM hyperplane. The proposed technique is highly time efficient as the partitions are
obtained by transforming the original feature space into 1-D feature space. In batch-
mode active learning techniques cited in literature, the size of the batch i.e. the number
of samples selected in each iteration is fixed and given by expert. We have designed
an active learning technique in which the number of most informative samples selected

at each iteration is not fixed and determined automatically depending on the number
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of non-empty partitions generated around the mean of unlabeled samples. This do not

require the expert knowledge that what should be the size of batch.

Recently we have designed a novel energy function which includes the spatial contextual
information of the gray image and helps to design 1-D energy curve of the image which
has similar characteristics as histogram of the image. It has been concluded that the
energy curve is smoother than the histogram of the image and hence has better discrim-
inatory capabilities. Based on the energy curve, we have developed a context sensitive
thresholding technique in chapter 4 which determines the optimal number of thresholds
using concavity analysis. This work illustrates the effectiveness of energy curve when
used to determine the thresholds and the number of objects present in the image. Exper-
imental results have proved that the energy curve based thresholding technique provides

better results as compared to that applied on histogram of the image.

The thresholding technique developed in chapter 4, may skip few potential threshold/s
in some cases depending on the nature of energy curve of the image hence the thresholds
obtained may not be the optimal. To mitigate such problem, in chapter 5, a context
sensitive fast threshold selection technique is proposed. In this work also, the energy curve
has been employed to incorporate spatial contextual information in threshold selection
process. The proposed technique has several advantages: i) it is context sensitive, ii) it
is computationally less demanding, iii) it preserve the advantages of 1D histogram based
thresholding techniques, and iv) it is able to determine optimal number of segments
present in the image. The effectiveness of proposed technique has been assessed by

comparing the results obtained with the four state-of-the-art techniques.

6.2 Scope for Further Research

Although the presented advanced techniques for pattern classification provide number of
significant findings, facing vast amount of combination or hybridization of models, designs
and applications, it remains a tip of iceberg. As future developments of this work, one
can identify the applications or domains where these techniques can be applied to achieve
better results. Although the semi-supervised and active learning techniques in Chapters 2
and 3 have been designed in such way that they can be applied to any data set which meets
the said conditions. Still, depending on the domains, constraints, parameters, and other
environmental conditions, the presented algorithms may require certain customization.
Both the semi-supervised and active learning techniques presented in Chapters 2 and

3 respectively, can also be applicable for the analysis of different images to accomplish
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certain classification tasks. For the analysis of images, generation of input patterns
considering spatial information of the image may provide better classification results. As
future developments, we will try to exploit mathematical morphology, wavelet transform
or Markov random field etc. to generate spatial information based patterns that can be

used as input to our developed semi-supervised and active learning techniques.

In Chapters 4 and 5, the thresholding techniques presented for image segmentation pro-
duced better results, still there is a scope to improve the results by using more sophis-
ticated cluster validity criterion. As future developments of this work, different cluster
validity criteria can be explored to improve the thresholding results. Also these seg-
mentation techniques are generalized ones and can be applied in different image based
pattern recognition domains as preprocessing tool such as document binarization, tumors
detection, land covers systems etc. Depending on the domain and types of images these

segmentation techniques also may require certain customization.

The technique presented in Chapter 5 employs GA to determine optimal thresholds.
Variants of evolutionary approaches may be explored to achieve the improved thresholding
results. The researchers may also focus to develop a model where the optimal number of
thresholds will also be determined by the evolutionary algorithm like GA, PSO etc. in

addition to threshold values of the input image.
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