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Abstract

Usual multi-class classifiers take in consideration either the entire classes for generating the
classification model, such as the neural networks, or by splitting up the original problem into
a set of two-class sub-problems. In contrast, the One-Class Classifier (OCC) takes into
account only the target class, which allows easily achieving the multi-class implementation.
However, although these important flexibility of using the OCC for solving multi-class
classification problem, handling a single system of OCC usually achieves less accuracy than
the usual multi-class implementations. Thus, this thesis focuses for proposing to explore
multiple classifier systems based on OCC leading to perform higher accuracy and keep at the
same time the open classification system. Also, thesis contributions can be summarized as
follows:

¢ A new Dynamic Weighted Average (DWA) combination rule is proposed for combining
different types of OCC for multi-class classification. Experimental results conducted on
several real-world datasets prove the effective use of the proposed approach where the
DWA rule achieves the best results against fixed rules as well as the decision template.
Furthermore, comparison of the proposed open classification system based on the K-
Nearest Neighbor classifier shows the superiority of the proposed open multi-class
classifier.

e An improved one class Auto Associative Neural Network (AANN) ensemble is proposed
based on a selection algorithm for selecting the appropriate training samples. The
proposed framework allows enhancing the AANN combination and classification
robustness. Experiments conducted on several real-world datasets prove the efficiency of
the proposed algorithm for more robust AANN ensembles.

¢ A new combination scheme of OCCs is proposed based on Fuzzy Integral (FI) operators.
Furthermore, an alternative framework is proposed to design a parameter-independent
and open-lexicon handwritten Arabic word recognition system as well as a new density
measure function. Experimental results conducted on Arabic handwritten dataset using
different types of OCCs with large number of classes show the superiority of FI for OCC
ensembles.

e An Open Handwritten Signature Identification System (OHSIS) is proposed by using
conjointly the Curvelet Transform (CT) and the One-Class classifier based on Principal
Component Analysis (OC-PCA). A combination based on Choquet fuzzy integral is
explored to combine multiple individual OHSISs. Experimental results conducted on
standard CEDAR and GPDS handwritten signature datasets report 97.99% and 94.96%
correct identification rate, respectively, which outperform the state-of-the-art when using
few reference signatures.

e Two stage combination system is proposed for writer identification based on handwriting
fragments. The first stage is devoted for fragment combination based on a proposed
Dynamic Fragment Weighting Combination (DFWC) rule. On the other hand, the second
stage is dedicated for combining different writer identification systems fed by three
descriptors via the FI combination strategy. Experimental results conducted on the well-
known IFN/ENIT and IAM databases show good adaptation of the OCC with DFWC.
Moreover, the Choquet combination scheme offers more improvements to achieve
97.56% and 94.20% for the used databases, respectively. The obtained results highlight
the reliability of the proposed system in comparison with recent studies for writer
identification issue.
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Introduction

Pattern recognition is a branch of machine learning that focuses on the recognition of patterns
and regularities in data. In particular, pattern classification is related to various real-world
applications such as the classification of a given email to "spam™ or "non-spam". Moreover,
the classification problem becomes more complex when the number of classes is increased
such as in the application of person identification based on biometric information (Schwartz et
al., 2012). The classifier bloc allows to convert an input feature vector into class vector and

therefore attribute it to one of a given classes.

Generally, a pattern recognition system is composed of four main modules: acquisition,
preprocessing, feature generation and classification. This later allows assigning a pattern to
predefined class. Various classification methods have been proposed as template matching
techniques (Deng et al., 1999; Fang et al., 2003), minimum distance classifiers (Fang et al.,
2001; Sabourin et al., 1997), support vector machine (Justino et al., 2005), hidden Markov
models (Justino et al., 2001; Justino et al., 2005), neural networks (Kaewkongka et al., 1999 ;
Quek et al., 2002), etc. However, although the good offered classification accuracy, these
techniques perform closed system. Indeed, usual multi-class classifiers (Duda et al., 2001) take
in consideration either the entire classes for generating the classification model, such as the
neural networks, or by splitting up the original problem into a set of two-class sub-problems.
For instance, the Binary Support Vector Machine (Bi-SVM) uses discriminant functions to
make a multi-class decision out of binary decisions. Hence, various implementations can be
performed as the One-Against-One (OAO) and One-Against-All (OAA) and directed acyclic
graph (Hsu and Lin, 2003). In contrast, the One-Class Classifier (OCC) takes into account
only the target class, which allows easily achieving the multi-class implementation. Indeed,
the simple use of the OCC for multi-class implementation has been investigated in many
applications such as sound classification (Rabaoui et al., 2009), cognitive state classification
of brain activity (Boehm et al., 2011) and so on. Thus, using OCC to achieve a multi-class
implementation allows serving to resolve two main problems. Firstly, the multi-class
implementation based on OCCs is considered as open schme since each classifier is trained
only on its target class offering thus an extensible scheme. Indeed, adding a new class to the

multi-class scheme does not require retraining it again on all classes
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It requires training only the added classifier. Secondly, this implementation offers less
computational cost in terms of training time and memory space against other implementations
such as OAO and OAA based on the Bi-SVM classifier (Yeh et al., 2009).

In the last decades, OCC has attracted more attention for many researchers leading to use it
for solving the multi-class classification problem (Goh et al, 2005; Ban et al,, 2006; Yeh et al.,
2009; Rabaoui et al,, 2009; Boehm et al,, 2011 ; Seokho et al,, 2015). Those are motivated by
the advantages offered by the OCC against the usual implementations based on bi-class or
multi-class classifiers (Yeh et al., 2009). However, using a single system of OCC for the
multi-class implementation usually achieves less accuracy than the usual multi-class

implementations.

This drawback is due to the absence of information about the other classes which causes
overlap between the different models. Thus, the OCC will estimate a large boundary that
encloses areas of the feature space where the positive class has low density, resulting in much
classification confusion (Shieh and Kamm, 2009). This can be highly problematic for many

applications where the classification accuracy must be kept to a maximum.

Efficient way to produce an improved classifier is an ensemble method that combines
multiple weak classifiers (Breiman, 1996). In this context, various ensemble methods can be
performed, such as combining different one class classifiers (Tax and Duin, 2001) and
training on different sets of features (Perdisci and Lee, 2006). However, OCC ensembles still
await proper attention to provide better improved ensembles and also to be explored for more
applications. Hence, a distinction should be highlighted between OCC ensemble for solving
one-class problems, multi-class implementation and ensemble of multi-class implementation,

which represents the hybrid approach.

Thus, this thesis proposes to explore multiple multi-class implementation systems based on
OCC leading to perform higher accuracy and keep at the same time the open classification
system. More precisely, the objective of the presented thesis is the enhancement of OCC
ensembles for solving the multi-class classification problem. The proposed contributions are
devoted for real world applications in general as well as specifically for some handwritten
recognition applications such as word recognition, signature identification and writer

identification.
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Therefore, our contributions to the scientific advancement of OCC combination for multi-

class pattern classification can be summarized as follows:

1. Updating the state of art and proposing a new taxonomy of OCC combination:
A taxonomy of OCC ensembles is presented where we differentiate between OCC ensemble
for solving one class problems, multi-class implementation and ensemble of multi-class

implementation defining the hybrid approach.

2. Proposing architecture for combining different types of OCC, as well as new
combination rule:

Using OCCs for the multi-class implementation usually achieves less accuracy than the usual

multi-class implementations. Hence, in order to improve the accuracy and keep the offered

advantage, the suitable approach consists to combine different classifiers. Thus, in this thesis

a study of combining different types of OCC for multi-class classification is proposed by

means of a new dynamic weighted average combination rule.

3. Improving the combination via reducing the effect of outliers applied to one-class
based neural network classifier:

The enhancement of classifier ensembles is always performed on the combination rule. In this

thesis, we propose an alternative method for OCC ensembles improvement. The proposed

approach relies on an effective selection of training samples for performing an improved

Auto-Associative Neural Networks (AANN) ensemble. More precisely, the pertinent samples

are selected according to their reconstruction error calculated between the input and its

corresponding output generated by an initial model.

4. Proposing the use of fuzzy integral operators for combining a same type of classifiers
trained by different descriptors
Fuzzy integral has been reported to give excellent results in comparison with fixed rules for
classifiers combination. Thus, in this thesis, a combination scheme of OCCs is proposed
based on fuzzy integral operators. Furthermore, the concept of the already proposed dynamic
weighting is incorporated for proposing new and more adapted density measure function.
Besides, an alternative framework is proposed to design a parameter-independent and open
system. This scheme has been performed to design an open-lexicon handwritten Arabic word

recognition system as well as an open offline handwritten signature identification system.
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5. Proposing two combination stage scheme of clustered OCC for the writer
identification

Two combination stage system of OCC is proposed for writer identification based on

handwriting fragments. The first stage is devoted for fragment combination based on a

proposed dynamic fragment weighting combination rule. On the other hand, the second stage

is dedicated for combining different writer identification systems fed by three descriptors via

the FI combination strategy.

The remaining of this thesis is organized in six (6) chapters as follows. Chapter 1 is devoted
for presenting an overview of OCCs as well as classifier combination approaches. Chapter 2
proposes a combination of different types of OCCs as well as new combination rule for more
OCC ensemble enhancement. Chapter 3 presents improved one-class neural network classifier
ensembles by optimized selection of training samples. Chapter 4 explores the fuzzy integral
for enhancing OCC ensembles which is used for open-lexicon Arabic word recognition
system. Chapter 5 proposes an offline handwritten signature identification system using the
Curvelet transform and ensemble of one-class principal component analysis. Chapter 6 is
devoted for presenting two combination stages of OCCs for writer identification based on
handwriting fragments. Finally, the conclusion and future works are provided in the last of
this thesis.

;



Chapter 1

Review of One-Class Classifiers and

Combination Approaches

/ Abstract \

This chapter aims to present an overview of the most used OCC methods as
well as the common combination approaches, notably the investigated
methods in this thesis. Firstly, we recall the three based types of OCC used
in pattern recognition namely density-based, boundary-based and
reconstruction-based. After that, we browse the combination schemes used
for designing multiple classifier systems, which differ mainly by the adopted
architecture, the classifier combination level and the used combination
rule. Moreover, we present a taxonomy of OCC ensembles where we
distinguish between OCC ensemble for solving one class problems, multi-
class implementation and ensemble of multi-class implementation, which
represents the hybrid approach. In particular, the parallel classifier

combination is studied, where an overview of the main combination rules

\based on fixed rules and fuzzy integral is given /

1.1. Introduction

In pattern classification systems the classifier is a crucial bloc to perform an efficient
classification. Thus, various types of classifiers have been proposed and explored for different
recognition applications such as neural networks, Hidden Markov Model (HMM), Support
Vector Machines (SVM), distances and so on. However, although the good offered the
classification accuracy these techniques perform closed systems. Indeed, the One-Class
Classifier (OCC) has the advantage to take into account only the target class, independently
from other classes which allows achieving an open multi-class implementation. Hence, adding

a new class to the multi-class scheme does not require retraining it again on all classes. It

-



Chapter 1. Review of One-Class Classifiers and Combination Approaches

requires training only the added classifiers. However, using single system of OCC for the
multi-class implementation usually achieves less accuracy than the usual multi-class
implementations for instance when using the Bi-SVM. This is due to the absence of
information about the other classes which causes overlap between the different models. Thus,
the OCC will estimate a large boundary that encloses areas of the feature space where the
positive class has low density, resulting in much classification confusion (Tax and Duin,
2001).

Ensemble method is an efficient way to produce an improved classifier that relies on
combining multiple weak systems (Breiman, 1996). Various ensemble architecture and
methods have been developed such as serial parallel and hybrid. Moreover, various

combination rules can be explored according to the combination level.

Thus, this chapter presents an overview of the most used OCC methods as well as the
common combination approaches, notably the investigated methods in this thesis.

Furthermore, a taxonomy of OCC ensembles methods is proposed in this chapter.

The remaining of this chapter is organized as follows. Section 2 presents OCC definitions and
mathematical background. In section 3, we present the classifier combination approaches. In
section 4, we propose a taxonomy and review of OCC ensemble categories where we make
difference between OCC ensemble for solving one class problems, multi-class
implementation and ensemble of multi-class implementation, which represents the hybrid
approach. Section 5 highlights explored fuzzy integral combination rules which is explored in
the present thesis.

1.2. OCC definitions and methods

One Class classifiers are defined as a machine learning to model a restricted domain in a
multi-dimensional pattern space using only a set of the target class (Tax, 2001). Thus, the
OCC is considered one among the nearest approach to the human learning for the
classification task, due to its ability to learn the model of each class independently of the
remaining classes. Other synonymous terms used in the literature for the OCC include: outlier
detection, novelty detection, concept learning and data description (Tax, 2001). The OCCs
can be categorized into three types: (i) density-based; (ii) boundary-based and (iii)

reconstruction-based method.
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1.2.1. Density methods

The most straightforward method to obtain a one-class classifier is to estimate the density of
the training data (Tarassenko et al., 1995) and to set a threshold on this density. Several
distributions can be assumed, such as a Gaussian or a Poisson distribution, and numerous
tests, are then available to test new objects (Barnett and Lewis, 1978). In this thesis, we will
consider three density models, the normal model, the mixture of Gaussians and the Parzen

density.

1.2.1.1.  Gaussian model

This method assumes that the data is distributed according to the normal (Gaussian)
distribution (Bishop, 1995). The mean and covariance matrix are estimated from the training
data, and instances located in the two tails are considered outliers (Ullman, 1978), as shown in

figure 1.1. The probability distribution for a d-dimensional object x is given by:

fGaussian (X) — (Zn)d/lz |E|1/2 exp (—%(X _ H)Tz—l (X _ .U)> _ thGaussian (11)

where u is the mean and Y is the covariance matrix calculated from the training samples. The

method is very simple and it imposes a strict unimodal and convex density model on the data.
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Figure 1. 1: Threshold on a 1-dimensional Gaussian distribution
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1.2.1.2.  Mixture of Gaussians

The Gaussian distribution assumes a very strong model of the data. It should be unimodal and
convex. For most datasets, these assumptions are violated. To obtain a more flexible density
method, the normal distribution can be extended to a Mixture of Gaussians (MoG) (Duda and
Hart, 1973). A mixture of Gaussians is a linear combination of normal distributions (Bishop,
1995):

fMoG (X) — ;Z] (pjf}Gaussian (.X') _ thMOG (12)

NpoG

where ¢;is the mixing coefficient of individual Gaussians ]j-G‘”‘“ia" and Ny, is number of

Gaussians defined beforehand by the user. It has a smaller bias than the single Gaussian
distribution, but it requires far more data for training, and thus shows more variance when a

limited amount of data is available.

1.2.1.3.  Parzen density estimation

The Parzen density estimation (Parzen, 1962), is also an extension of the previous method.
Where the estimated density is a mixture of, most often, Gaussian kernels centered on the
individual training objects x;, with (often) diagonal covariance matrices ;; = PI. Thus, the

classification can be performed as follows:

1 1 1 — 7
fParzen (x) — NZiWexp (_ > (x _ xi)TZi 1(x _ xi)) _ thPar en (1.3)

The equal width P in each feature direction means that the Parzen density estimator assumes
equally weighted features and it will, therefore, be sensitive to the scaling of the feature
values of the data, especially for lower sample sizes. Hence, training a Parzen density consists

of the determination of the optimal width of the kernel P.

1.2.2. Boundary methods

The boundary methods heavily rely on the distances between objects. They tend to be
sensitive to scaling of the features. On the other hand, the number of required objects is
smaller than in case of the density methods. Therefore, in this thesis, we consider the k-
centers method, the One-Class Nearest Neighbor (OC-NN) and the One-Class Support
Vectors Machine (OC-SVM).

1.2.21. K-centers
k-Center is a boundary method that relies on covering the training dataset with k smallest

hyperspheres of equal radii (Ridler and Calvard, 1978). The centers of hyperspheres are
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placed on some observation vectors selected from the samples so that the following function

would be minimized (Tax, 2001):

n k 5
€4 = max (min l|lx —w|| > (1.4)
j=1

i=1
The error function g, can be minimized using the batch algorithm allowing a best estimation
of observation vectors. During classification, the distance between a new observation vector

and centers Y is calculated as:

k
fk—Center (x) — — min ”x _ u] ”2 + thk—Center (15)
j=1
Therefore, the test sample x may either be rejected or accepted according to the threshold

value th*=Center defined during the training or validation step.

1.2.2.2.  Nearest Neighbor
According to (Tax and Duin, 2005), OC-NN relies on finding the distance of a test pattern x
to its nearest neighbor in the training set S. The method attempts to estimate the density

function as:

NN _ 1/n
I = s (16)
Where n is the number of training samples and V defines the smallest volume value with the

centre in x surrounding the observation vector nearest to x.

During classification, a test sample x is accepted when its local density is larger or equal to
the local density of its first nearest neighbor in the training set. Otherwise, it is rejected.

1.2.2.3.  Support Vector Machines

The OC-SVM introduced by Scholkopf algorithm relies on mapping the training samples
belonging to S into a high dimensional feature space leading to find the maximal margin
hyperplane, which best separates the training samples from the origin. For a test pattern x, a
decision function namely f5"™(x) is performed for evaluating in which side of the

hyperplane it falls. Formally, the decision function takes the following form:

M (x) = sgn{¥- a; K(x,x;) — p} (1.7)
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K(.,.) defines the OC-SVM Kkernel that allows projecting data from the original space to the
feature space. n is the number of training sample and «; are the Lagrange multipliers

computed by optimizing the following equations:

min, {% a;a; K(xl-,xj)} (1.8)

Subject to,
0<aq<— (1.9)
it = (1.10)

v is the percentage of samples considered as outliers taking values in the range [0, 1]. A
pattern x is then accepted when f(x) > 0. Otherwise, it is rejected. Various kernel functions
can be used as polynomial or Radial Basis Function (RBF) or multilayer perceptron (Ridler
and Calvard, 1978). Usually, the RBF kernel is the most used defined as:

K(x,x;) = exp(—y d(x, xl-)) (1.11)

Such that d(x, x;) represents the distance between the test pattern and the training samples,

which is defined as follows:
d(x,x) = llx — x| (1.12)

y is the kernel parameter that allows controlling the distribution of the training samples in the

feature space aiming to better separation.

1.2.3. Reconstruction methods

The reconstruction methods have been mainly constructed to model the data and not for one-
class classification. The data is modeled by using prior knowledge and making assumptions
about the data generating process, a model is selected and fitted to the data. New objects can
then be described in terms of a state of the generating model. While using reconstruction
methods, we assume that a more compact representation of the target data can be obtained and
that, in this encoded data, the noise contribution is decreased. This representation then

simplifies further processing without harming the information content (Tax, 2001).

In this thesis we will consider the following examples of reconstruction methods: the K-

Means clustering, (Principal Component Analysis) PCA and (Auto Associative Neural

.
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Networks) AANN. The methods differ in the definition of the prototypes or subspaces, their

reconstruction error and their optimization routine.

1.23.1. K-Means

K-Means clustering is one of the simplest reconstruction methods. The main idea behind
performing K-Means clustering for OCC is to assume that the data is clustered and can be
described by a set of prototype vectors U; (Tax and Duin, 2004). The number K of prototype
vectors should be selected beforehand. In this thesis, the optimal K value is deduced from the
evaluation of training samples. During classification, the decision function based on the

reconstruction error is calculated as:
K 2
fK—Means (x) = — min ”x _ U] ” + thK—Means (1.13)
j=1

Therefore, the test sample x may either be rejected or accepted according to the threshold
value thX—Means defined during the training or validation steps. The placement of prototype
vectors is derived from the training dataset, which are selected during the clustering for
minimization purposes:

K
Em = Dies, (_minlllx — U ||2> (1.14)

Both batch and on-line algorithms can be employed for finding the solution minimizing &, .
Here, we use the batch algorithm, which consists to group at each step the observation vectors
into K disjoint sets S; according to the nearest prototype vectors. Then, the prototype vectors

are recalculated as:
_ 1
W = le’esj X (1.15)
J

N; defines the cardinal of subset S; and x; is the training sample contained into S;. This

procedure is repeated until convergence.

This method requires defining the number of clusters K to be fixed beforehand. Therefore, K-
Means clustering is sensitive to the correctness of the parameter K, if it differs from the real
number of clusters in the data, then wrong clusters may be produced (Dietterich, 2000).
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The K-Means clustering has been explored for anomaly intrusion detection (Marchette, 1999)
for clustering networked computers into “activity groups”, and also for reducing the raw data

to a manageable size (Zanero and Savaresi, 2004).

1.2.3.2.  Principal Component Analysis

Principal Component Analysis (PCA) is a statistical procedure that uses orthogonal
transformation to convert a set of observations from possible correlated variables into a set of
linear uncorrelated variables, called principal components. The PCA is often used to reduce
the dimension of data since the number of principal components is less than or equal to the
number of original variables. The simplest optimization procedure uses eigenvalue
decomposition to compute the eigenvectors of the target covariance matrix. The eigenvectors

with the largest eigenvalues define the principal axis (Tax, 2001).

In order to implement one-class classification, the PCA method relies on describing the target
data by a linear subspace, which is represented by the eigenvectors of the data covariance
matrix. Only p eigenvectors are stored in a matrix W of d x p (where d is the dimensionality
of the original feature space). To check if a new object fits the target subspace, a decision
function based on the reconstruction error is computed according to the difference between
the original object x and its projection onto the subspace as follows (Tax, 2001):

FPA(x) = —||x - Xoro; ”2 4 thPCA (1.16)
where x,,.,; defines the projection of the test pattern x onto the subspace as:
Xproj = WWTW)WTx (1.17)

and th" is the threshold value predefined during the training for accepting or rejecting the
data.

This approach has been applied by (Shyu et al., 2003) for analyzing Transmission Control
Protocol (TCP) packets for anomaly intrusion detection. They proposed to reduce the
dimensionality of the data from 34 original features to 5 major components.

1.2.3.3.  Auto-Associative Neural Networks
Neural networks are composed of interconnected processing units arranged in one or several
layers that can be used to implement a complex functional mapping between input and output

variables. The weights of the neural network are adjusted using training samples so that an
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error function would be minimized over the training set. The basic design of the Auto-
Associative Neural Networks (AANN) is termed ‘‘bottleneck’’. This design assumes that a
sample represented in an m-dimensional space is mapped to fewer dimensions and then
reproduced for testing the reproduction ability of the model. Usually, an AANN is composed
of three layers having in inputs, out outputs and hi neurons on the hidden layer, where hi <
in. The AANN is then trained using the standard back-propagation algorithm to learn the
identity function over the training set. This design has been used successively by Cottrell and
(Zipser et al., 1988) to produce a compression algorithm and (Japkowicz et al., 1995) for
novelty detection.

Let n training samples of the target class defined as a set S = {x4,...,x,}, the AANN is
trained on each sample in order to produce an identity function f that assigns for each input

x; € RP an output f(x;) € RP,i =1, ..., N taking ideally the following form:

fx) = x; (1.18)

The principle of the AANN is to adjust its weights according to the reconstruction error,
which is defined as the absolute distance between output and its corresponding input.

Formally, the reconstruction error is defined as:

Er(x) = |f(x) — x| (1.19)
Suchthat x € S

A test sample x may either be rejected or accepted according to the threshold value

th44NN defined in the training step, as follows:
FAANN () = —Er(x) + thA4NN (1.20)

Mainly, the OCC are dedicated to solve one-class classification problems. However, their
extension to the multi-class classification is based on training each class on its respective
OCC for a defined set of classes C = {cy, ..., ¢,y }, Where m defines the number of classes. A

test sample is assigned to the corresponding class when the maximum response is performed.

1.3. Classifier combination approaches

Classifiers combinations become more active and challenging research topic, due to its crucial
role for getting more accurate classification accuracy. Thus, the classifiers combination
benefits and architectures are presented in the current section.

.
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1.3.1. Benefits of classifier combination
“No Free Lunch” theorems have shown that there is a single classifier that can be considered
optimal for all problems (Wolpert, 1996). In addition, there is no clear guideline to choose a
set of learning methods and also about the details of how the classification algorithm behaves.
Therefore, in practical pattern classification tasks it is difficult to find an appropriate single
classifier.
The choice of a single classifier trained with a limited (size or quality) dataset can make the
design even more difficult. In this case, selecting the best current classifier can led to the
choice of the worst classifier for future data. Especially, when the data used to learn was not
sufficiently representative in order to classify properly new objects, the test set provides just
apparent errors that differ from true errors. This common situation, where small and not
representative data is used as an input to a classifier, can led to difficulties when one must
select from a set of possible methods.

According to Dietterich, (2000), there are three main motivations are possible for
combining classifiers; statistical, representational and the computational motivation:

» Statistical (or worst case) motivation: it is possible to avoid the worst classifier by
averaging several classifiers. It was confirmed theoretically by Fumera and Roli,
(2005). This simple combination was demonstrated to be efficient in many
applications. However, there is no guarantee, that the combination will perform better
than the best classifier.

> Representational (or best case) motivation: under particular situations, fusion of
multiple classifiers can improve the performance of the best individual classifier. It
happens when the optimal classifier for a problem is outside the considered “classifier
space”. There are many experimental evidences that it is possible if the classifiers in
an ensemble makes different errors. This assumption has a theoretical support in some
cases when linear combination is performed.

» Computational motivation: some algorithms perform an optimization task in order to
learn and suffer from local minima. Algorithms such as the back propagation for
neural networks are initialized randomly in order to avoid locally optimum solutions.
In this case it is a difficult task to find the best classifier, and it is often used several
(hundreds or even thousands) initializations in order to find a presumable optimal
classifier. Combination of such classifiers showed to stabilize and improve the best

single classifier result (Breve et al., 2007).

.
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Other motivations are related to applications, which can naturally use a set of learners such as

in sensor fusion.

1.3.2. Classifier combination architecture
There are three main classifier combination architectures, which are parallel, serial and
hybrid.

1.3.2.1. Parallel
According to representation showed in figure 1.2, the set of classifiers are trained in parallel,
and their output are combined afterwards to give the final decision. More general

methodologies were developed using this architecture because it is simpler and easy to

analyze.
c; ||
L Cm
YVY I
Classifier 1 >
5 Combination
Input : |, Final
pattern ! module decision
Classifier L >
Figure 1. 2: Parallel classifiers combination
1.3.2.2.  Serial

As it is depicted in figure 1.3, in the serial approach a primary classifier is used, and when it is
not able to classify some new pattern by rejecting it or when confirming a correct

classification.
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Figure 1. 3: Serail classifiers combination.

-



Chapter 1. Review of One-Class Classifiers and Combination Approaches

A second classifier is used that is trained in order to be accurate on the errors of the previous
classifier. A third and fourth classifiers can be used and so on. Sequential methods are often

application specific, and are also useful in the context of on-line learning.

1.3.2.3.  Hybrid

A hybrid approach combines both sequential and parallel architectures in order to take full
advantage of each used classifier. figure 1.4 shows an example of hybrid combination in
which a classifier in series is combined with two classifiers in parallel. This kind of approach
allows generating many cooperation schemes that can become promptly complex to optimize.
It illustrates the two aspects of the combination: on the one hand reducing the set of possible
classes, on the other hand searching a consensus between classifiers in order to achieve a

single decision.

Classifier 2

Input e Final
—>| Classifier 1 ..
pattern decision

Y

Classifier 3

Figure 1. 4: Hybrid classifiers combination.

1.3.3. Classifier combination level
There are many methods for classifiers combination, which are generally classified into three
categories according to the level of information provided by the classifier (Kencheva, 2004).

1.3.3.1.  Class level

Each classifier produces a class label. At the abstract level, there is no information about the
certainty of the guessed labels, nor are any alternative labels suggested. By definition, any
classifier is capable of producing a label for test object, so the abstract level is the most

universal one.

1.3.3.2. Rank level

The output of each classifier is a subset of labels, with the alternatives ranked in order of
plausibility of being the correct label. Rank level based classifier is especially suitable for
problems with a large number of classes, for example, character, face, speaker recognition,

and so on.

.
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1.3.3.3.  Measure level

In the measure level, each classifier produces a m-dimensional vector. The output of the
classifier is a vector of measures (normalized or not), which may be a distance, a posterior
probability, a confidence value, a match score, belief function, a possibility, credibility or a

fuzzy measure, etc.

1.4. Review and taxonomy of OCC ensembles

During the last years, ensemble methods are becoming an active research topic for combining
the results produced by a number of weak learning systems to achieve better recognition
performance. Various approaches are available for designing an ensemble classifier from
individual ones. A survey on the design of multiple classifier systems can be found in
(Wozniak et al., 2014). Furthermore, it has been demonstrated that the existing classifier
combination strategies can also be used in OCCs. Indeed, OCCs ensemble has been explored
to deal with variety of applications. In the following, we propose a taxonomy of OCCs
ensemble for which we distinguish single OCC ensemble designed for solving one class
problem or novelty detection, multiple OCCs designed for multi-class classification and
multiple single OCC ensemble designed for multi-class classification, which defines the
hybrid OCC approach.

1.4.1. Single OCC ensemble for novelty detection

OCC aims to distinguish normal object from outliers ones. Similar to standard classifiers,
single OCC hardly overfits the data distribution perfectly. Therefore, combining different
OCCs via achieving a single OCC ensemble incorporating L different OCCs as it is depicted
in figure 1.5 may provide better anomaly detection performance. Indeed, the benefits of single

OCC ensemble have been judged in various fields.

Novelty

Test pattern Detection

Output combination

Figure 1. 5: Single OCC ensemble topology.
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Single OCC ensemble has been firstly introduced by Tax and Duin, (2001) in which they
proved that combining OCCs trained by different feature spaces is very useful. Five methods
have been used for the output combination, which are mean vote, mean weighted vote,
product of the weighted votes, mean of the estimated probabilities and product combination of
the estimated probabilities. The performance of the five methods is compared for a
handwritten digit recognition problem using Receiver-Operating Characteristic (ROC) curves
in addition to the area under the ROC curve metric. In most situations, the product
combination rule gives the best results. In another work, Lai et al., (2002) investigate the
single OCC ensemble for image database retrieval through combining Support Vector Data
Description (SVDD) classifiers which improve significantly the retrieval precision. Through
the well success of single OCC ensemble, Spinosa and de Carvalho, (2004) apply combined
OCCs to detect novelty in gene expression data. Experiments were performed with 2 original
datasets and a set of 5 classifiers: Parzen Window, K-Nearest Neighbor (K-NN), K-Means,
Self Organization Map (SOM) and PCA. Results show that the classification robustness is
increased with the use of majority voting combining approach. Nanni, (2006) followed this
successful path via investigating the single OCC ensemble for online signature verification.
He studied combining several OCCs using the random subspace method. Therefore, new
training sets are generated by selecting features randomly which are used to train the selected
OCCs: Gaussian model description, Mixture of Gaussian Descriptions, Nearest Neighbor,
PCA Description (PCAD), Linear Programming Description (LPD), SVDD and Parzen
Window Classifier. Finely, these classifiers are combined through the Max rule. It has been
shown that combining different classification methods allows reducing the error rate. Indeed,

the best combination method is achieved when using LPD and PCAD.

The benefit of single OCC ensemble has also been considered for information retrieval as
reported by Tu et al., (2006), which proposed to extend the one-class bottleneck method for
information retrieval by introducing bagging ensemble learning. The proposed ensemble
emphasizes different parts of the data and results from different parameter settings are
aggregated through Borda method to give a final ranking. Experimental results show

improvements in image retrieval applications.

Perdisci and Lee, (2006) proposed single OC-SVM ensemble to construct a payload-based
anomaly Intrusion Detection Systems (IDS). Their proposed technique allowed obtaining
descriptions of the payload in different feature spaces by constructing several OC-SVMs,

which are combined through a simple majority voting rule. Experimental results show that the
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combination of the obtained classifiers improves both the detection accuracy and the hardness

of evasion with respect to other recently proposed payload-based anomaly IDS.

All previous combination methods use fixed rules for combining OCCs. Hence, Gesu and
Bosco, (2007) proposed a new method for combining one-class Fuzzy K-Nearest Neighbor
(FKNN) classifiers attempting to achieve a robust single OCC ensemble. Their proposed
method is based on a genetic algorithm which leads to calculate the appropriate weight
assigned to each used FKNN classifier. Results are carried out on two categorical datasets and
show that whenever the optimal parameters are found, fuzzy combination based on weighted
average of OCCs may improve the overall recognition rate. The single OCC ensemble has
been also investigated at the field of biometric combination, as reported by (Bergani et al.,
(2008). They proposed a system that can be employed at the level of feature selection, score-
matching or decision making. Their proposed system has been experimentally evaluated on
NIST biometric set for which the weighted sum rule has achieved the best results with the

min-max normalization against other normalization methods.

Due to the wide applicability of OCCs for the instruction detection problem, Cabrera et al.,
(2008) study the problem of distributed intrusion detection in Mobile Ad-Hoc Networks via
the application of single OCC ensemble method with special characteristics. Averaging and
median schemes are used to combine the anomaly detectors where the averaging scheme
performs better than the median one. In a related work, Giacinto et al., (2008) proposed a
single OCC ensemble for intrusion detection in computer networks. Different OCCs are used
to validate their proposed approach. Fixed rules are the used combiners for aggregating
OCCs trained in different feature spaces. The v-Support Vector Clustering (SVC) shows its
superiority against other classifiers by providing the best results in most cases.

Other works have explored the single OCC ensemble to reduce the influence of noisy data for
the OCCs. Indeed, Shieh and Kamm, (2009) proposed a single OCC ensemble for combining
OC-SVM using bagging method to reduce the sensitivity of the classifier. In fact, even with
optimal parameter selection, the OC-SVM can be sensitive to overfitting in the presence of
noise. Hence, bagging method is proposed as an alternative solution for reducing the noise
influence and prevent overfitting. The achieved classifiers are combined through the majority
voting rule to make the final decision. An improved performance of the bagging OC-SVM on
both simulated and real world data was achieved. In similar purpose, Segui et al., (2010)

proposed two bagging strategies for minimum spanning tree class descriptor attempting to
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reduce the influence of outliers in training data. They showed that the combined classifiers
through fixed rule improve the performance on both real and artificially contaminated data.
Always by means of single OCC ensemble for enhancing the performance of novelty
detection, Cheplygina and Tax, (2011) proposed a new concept through investigating the
effect of pruning on random subspace ensembles on the Gaussian, Nearest Neighbor, and k-
Means OCCs. Fixed rules have been used to achieve their proposed ensemble. Experiments
show that pruning improves the predictability of the outcomes, but does not always improve
the classification performance. However, pruning using the area under the ROC curve shows
a significant improvement over the standard ensemble. Authors suggest that combining a few
accurate classifiers may be more beneficial than combining all available ones. On the other
hand, pruning can only be successful if an appropriate evaluation criterion is selected.
(Cyganek, 2012) proposed OC-SVM ensembles for image segmentation and classification.
The ensemble is created via clustering the input data and train OC-SVMs by generated
clusters. In the operation step, the max rule is used for assigning a point as belonging to the
class for which a response of a corresponding weighted OC-SVM. Recently, Krawczyk and
Wozniak, (2014 a) studied the effect of the used distance measures for single OCC ensembles,
through examining seven different distance measures for five different classifier fusion
blocks. Results show that switching to a different distance metric may lead to significant

improvement of overall accuracy for the single OCC ensemble.

1.4.2. Multiple OCCs for multi-class classification

The extension of OCCs for multi-class classification has attracted much attention for many
researchers for solving the pattern recognition problems. Indeed, the multi-class
implementation based on OCCs offers advantages against the usual implementations based on
bi-class or multi-class classifiers (Duda and Hart, 2001). Indeed, adding new classes to the

multi-class classification does not require retraining the used OCCs for a second time.

As it is depicted in figure 1.6, the extension of OCC for the multi-class classification is
achieved by m OCCs such that m defines the number of the predefined classes. During the
recognition phase, the outputs of the OCCs are combined to assign a class label for each test
pattern.

.
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Class
Prediction

Test Pattern

Output Combination

Figure 1. 6: Multiple OCCs for multi-class implementation topology

In this context, Sun and Huang, (2003) addressed the drawbacks of implementing Bi-SVM for
multi-class classification as time consuming and performance degradation, especially when
dealing with high number of classes. Thus, they proposed the use of SVC classifier which
learns the model of the m classes separately. However, this method can suffer from a scaling
problem which is solved by combining outputs of SVCs via a two-layered neural network as a
combination model. Compared against to the Bi-SVM, their approach can reduce the
computational complexity and get better performance at the same time on the case of multi-
class classification. Besides, there is no requirement of having the same kernel function and
parameters for all classes, which can guarantee to get better boundaries for each class.
Consequently, better classification results are achieved. However, it is worthwhile to point out
that the output combination of the neural network achieves a closed system. Indeed, adding
new classes requires designing a new architecture of the neural network classifier. In related
work, Munroe and Madden, (2005) extend the idea of one-class K-NN for vehicles
recognition by means of a feature set extracted from their frontal view. In order to enhance the
performance, (Sachs et al., 2006) proposed two strategies for combining OC-SVMs for multi-
class classification of bioacoustic time series. Experimental results show that the nearest
support vectors strategy performs better than the nearest center one as well as than k-nearest
neighbor and learning vector quantization network classifiers. In similar concept, (Ban and
Abe, 2006) address the problem of how to implement a multi-class classifier by multiple
OCC:s. Firstly, OCCs are trained for each class and then a decision function is formulated
based on minimum distance rules. Two types of OCCs have been explored: the SVDD and
Kernel Principle Component Analysis (KPCA) based method. Experiments on some
benchmark datasets show that the proposed decision function with carefully tuned parameters

have comparable generalization ability with Bi-SVM while having some other advantages.

e
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Lee et al., (2007) proposed a novel method by integrating m OC-SVMs with various
discriminant functions for multi-class classification task. Three discriminant functions have
been proposed and experimental results have shown that similarity measure and Z-score
measure outperform the other methods including nearest center and nearest support vector
(Sachs et al., 2006). The problem of the discriminant functions has also been addressed by
(Rabaoui et al., 2007) via proposing the use of discriminative method based on OC-SVM,
which proposed a logarithmic function in order to classify a set of sounds into predefined
classes. Experiments show that the multi-class implantation based on the OC-SVM and the
proposed discriminant function outperform the conventional HMM classifier for sound
classification. Boehm et al., (2011) explored the one-class neural network classifier for
recognizing cognitive activities from brain activation data. It has been shown that a joint use
of the feature selection genetic algorithm and the one-class neural network can lead to
increase the accuracy of the classification closely to that obtainable from bi-class methods.
Recently, Wilk and Wozniak, (2012) addressed the problem of OCCs combination to achieve
multi-class implementation. While different approaches have been used for the combination
step such as max rule, nearest center, nearest support vectors, normalization of outputs and
neural network classifier, the authors proposed fuzzy combiners to achieve more accurate
system. They mentioned that the combination methods of OCCs performed relatively better in

comparison to their binary counterparts

1.4.3. Hybrid OCC ensemble

Hybrid OCC ensemble is defined as a multi-class implementation based on single OCC
ensembles. It is designed for attempting to enhance the recognition performance and system
robustness of the OCC multi-class implementation. As it is depicted in figure 1.7, the test
pattern is assigned to one of the predefined classes according to two steps. First, a single OCC
ensemble per class is constructed from which outputs are combined through a predefined
combination rule. Second, the outputs of multiple single OCC ensembles are combined

through another combination rule for predicting the class label.

Owing to its offered advantages than conventional multi-class classifiers, hybrid OCC
ensemble finds its applicability in various applications. Indeed, in addition to the significant
improvement of the performance, the hybrid OCC ensemble preserves the property of an open
system since it is possible to add new classes without retraining all single OCC ensembles.
Hence, this scheme has firstly been explored by Juszczak and Duin, (2004) for classifying

missing data in multi-class problems. In their proposed system, a single Parzen OCC

.
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ensemble is trained for each existing class in the training set. Each ensemble contains one
classifier for each feature. During the classification step, only the available features are
classified, which are combined using a fixed rule. In comparison against the standard
methods, their proposed method offers two advantages. Firstly, it requires fewer classifiers to
be trained. Secondly, in the classification step, it does not require retraining the system
whenever missing feature values occur. Later, Goh et al., (2005) pointed that the bi-class
classifier is susceptible to the problems of noisy and imbalanced training data (Wu and
Chang, 2003). Hence, they proposed the use of OC-SVM to estimate the support of individual
classes leading to avoid these problems. Moreover, bagging scheme has been proposed to
reduce class prediction variance. Finely, the overall class prediction is the result of majority
voting of the several multi-class implementations bags. Furthermore, they explored the
mentioned advantages of OCC for constructing dynamic ensemble which can be used for new
class discovery. Experimental results showed the effectiveness of their proposed system. In a
related work, (Mufioz-Mari et al., 2007) demonstrate that using a simple combination rule
(e.g. average or product) on OCCs trained on different feature sets are able to improve the
classification accuracy for classifying image remote sensing. They proved that the ensemble
composed of the support vector data description achieves better results in comparison with

Single OCC
Ensemble 1
Single OCC
Ensemble m

Figure 1. 7: Hybrid OCC ensemble topology

mixture of Gaussian ensemble.
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Test Pattern Prediction

Output Combination

AdaBoost.MK algorithm has been also investigated for hybrid OCC ensemble by Yeh et al.
(2009) [9], which proposed a combination scheme by using conjointly AdaBoost.MK and
One Class Support Vector Machine (OC-SVM) with a well-designed discriminant function
for solving the multi-class classification problems. Finally, the classifiers returned by
AdaBoost.MK. are aggregated through the sum combination rule. In another work, Krawczyk
and Wozniak (2012b) follow the path of using the diversity measure that has been widely
explored for conventional multi-class classifiers to achieve complimentary systems. In their

proposed system, OC-SVM ensembles trained on different training sets are performed. Then,

.
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a diversity measure is applied on the constructed ensembles in order to select the suitable ones
for each class. Finally, the selected classifiers are combined using (Error Correcting Output
Code) ECOC (Dietterich and Bakiri, 1995) and (Decision Template) DT (Kuncheva et al.,
2001) strategies to generate a robust system.

More recently, a great interest can be observed for combining multiple single OCC
ensembles. Indeed, Abbas et al., (2013) used the Dezert-Smarandache theory to achieve OC-
SVM ensemble. The proposed system relies on training the OC-SVM on different feature sets
of handwritten digits to create diverse classifiers. The DSmT shows its superiority in term of
performance versus the sum rule. However, their proposed scheme is considered as a closed
system and therefore violates the best advantage of using OCCs as an open multi-class
system. Indeed, adding new classes require updating all parameters and retraining the
combination model. Krawczyk and Filipczuk, (2014) proposed an efficient medical decision
support framework that allows distinguishing between benign, malignant and fibro adenoma
cases, based on combining OCC trained on different features and the ECOC combination
strategy. Experimental evaluation shows superiority of their proposed system against some
state of the art systems. In similar concept, hybrid OCC ensemble has been also investigated
for medical image classification (Zhang et al., 2014). The ensemble consists of one-class
KPCA models trained on different features generated from each image class. Besides, a new
product combination rule was proposed. The effectiveness of their proposed classification
scheme was verified using a breast cancer biopsy image dataset and a 3D optical coherence
tomography retinal image set. The proposed classification scheme obtained competitive
results on the two medical image sets in comparison against the stat of the art systems.
Recently, in a related work (Krawczyk et al., 2014) presented a new method to design the
hybrid OCC ensemble based on a single OCC ensemble. The main idea is to create single
OCC ensemble for each class based on feature space partitioning. The combined classifiers
are trained on the basis of clusters that lead to make use of individual classifier strengths.
Experiments carried out using a wide range of benchmark datasets, prove the validity and the
flexibility of the proposed framework to work with different clustering algorithms. In order to
improve their system, Cyganek and Krawczyk, (2015) proposed to split data using the
nonnegative matrix factorization algorithm with sparse constraints. This framework relies on
splitting the input data into compact and consistent clusters as well as automatic determination

of the cluster’s number. The proposed method shows high accuracy and fast classification.
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1.5. Classifier combination methods

The combination method is the successful key of a multiple classifier system. In literature,
various methods have been developed leading to maximize the benefits from using multiple
systems. However, the combination of hybrid OCC ensembles sill await for proper attention,
since, simple fixed rules are mainly explored. Thus, in this thesis we attempt to explore more
adapted weighting combinations and the Fuzzy Integral (FI) operators for the hybrid OCC
ensembles. In the following we present brief review of fixed rules as well as most known FI

operators.

1.5.1. Fixed rules

Fixed rules are considered as linear combiners that have no extra parameters to be tuned.
Thus, the ensemble members are considered similar in terms of performance and competence.
The most used rules are summarized in table 1.1 for combining the a posteriori probabilities
P; (¢; /x) yield by L classifiers (Kuncheva, 2004).

Table 1.1: Mathematical equations of fixed rules for class prediction

Combination Class label
rule
m L
Average y(x) = argmax (1/LZ P, (g /x))
j=1 i=1
m L
Product y(x) = argmax < P; (g /x))
j=1 i=1
m L
Maximum y(x) = argmax | max (P, (¢ /x))
j=1 \i=1
m L
Minimum y(x) = argmfx min (P, (¢ /%))
] = i=1

1.5.2. Fuzzy integral

Fuzzy integrals are non-linear combiners defined with respect to fuzzy measures. Therefore,
the main advantage of Fl is its ability to combine the objective evidences in the form of expert
decisions taking into account subjective evaluation of their competence expressed by the
fuzzy measure. In this section, we review the main properties of fuzzy measures in addition to

the used fuzzy integral operators.

g
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15.2.1. Fuzzy measure
Let Z = {z,, ...,z } defining a finite set of elements, a set function: 24 — [0,1] is called

fuzzy measure if it verifies the following properties (Cho and Kim, 1995; Cho 1995):

1. g(¢)=0, g(Z)=1
2. If A,B c2?and A c B, then, g(4) < g(B)
3. If 4, c 2% for 1 <n < o and the sequence {4,,} is monotone in the sense of inclusion

then,

lim,. g(4,) = g (lim 4, ) (L21)

It is obvious that the fuzzy measure is not necessary additive, therefore, if A,B < Z,and A N
B = ¢, then:

g4 u B)# g(A)+ g(B) (1.22)

According to this inequality, Sugeno (1977) introduced the decomposable so called A-fuzzy

measure satisfying the following additional property for 4 > —1:

g(A U B) = g(4) + g(B) + 1g(A)g(B) (1.23)

Let consider Z ={zy,..,z;} as the set of information sources to be aggregating for
attempting to achieve better performance, each information source z; is then associated to a
density measure g‘ = g({z;}), which represents generally the performance of the single
source alone. The set of objective evidence, denoted h(z;), is rearranged from maximum to
the minimum value as h(z;) > - > h(z;) as well as their corresponding density measures
g‘. Then according to this order, the A-fuzzy measure g(4;) of the new sequence 4; =

{z4, ..., z;} can be computed recursively as follows:
9gA) =g({z) =g* (1.24)
gA) =g +g' +2g(4i g 2<i<L (1.25)

The value of A is deduced by solving the equation g(Z) = 1, which corresponds to resolve the

following equation:
2+ 1 =11(1+2g" (1.26)

This value is obtained as the unique real root greater than —1 and not equal to zero.
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1.5.2.2. Fuzzy integral operators
Sugeno integral I; is the first FI operator defined for aggregating a function h: Z —

[0, 1] with respect to a fuzzy measure g over Z. It is computed as:
Is = max{_,[min(h(z), g(4))] (1.27)

This integral represents the simplest operator for FI combination. Hence, it has been extended
through the definition of the Choquet integral. Its discrete formulation for a function h :

Z — R™ with respect to fuzzy measure g is defined as:

Ip = iL=1{h(Zi) —h(z;_1)} g(4;) (1.28)

Where indices i have been permuted so that 0 < h(z;) <---< h(z;) < 1 and h(zy) =
0.

Attempting to enhance more efficiently the FI, other efficient operators have been proposed
such as Ordered Weighted Averaging (OWA). In the following, we recall two commonly used
OWA namely OWA-AND and OWA-OR.

The OWA-AND requires the calculation new of evidences h(z,) defined as:

A(z) = 72 Sio hz) + @ ming ez (h(z) (L.29)

These new evidences are then used into Sugeno integral, which is termed Is_4yp. In addition,
we propose in this work to use these new evidences into the Choquet integral termed I-_np

in order to evaluate its performance

In contrast, the OWA-OR is performed using the same new evidences through the new

decision function defined as follows:

lor = 51 Xh=ymin (R(z), g(4)) + pmax by [min (A(z), 9(4))|  (1.30)

Both operators need tuning parameters « and £ in the unit interval in order to achieve better
results than the Sugeno and Choquet operators (Cho, 1995):. In the following, the five
different operators for FI are termed Sugeno (I5), Choquet (I), S-AND (Is_4np), C- AND

(Ic—anp) and OR (Ipg)
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1.6. Conclusion

In this chapter, we have presented an overview of the most known OCCs in addition to the
classifier combination approaches. We have first recalled the mathematical foundation of the
most known OCCs in the literature. Furthermore, the state-of-the-art that is related with OCC

ensembles was studied with more details and we proposed a taxonomy of OCC ensembles.

Moreover, classifier combination approach is presented, which can be performed through
three combination schemes, namely, sequential combination scheme, parallel combination
scheme and the hybrid combination scheme. In this thesis, the parallel classifier combination
is adopted and combined in the measure level. This later is performed through standard fixed
rules and more efficient combination based on FI, which will be explored in some

applications in the present thesis for OCC ensembles improvement.

The next chapters are dedicated to present the use of the OCC ensembles improvement for
pattern classification applications in general as well as for specific handwriting recognition

applications.

.



Chapter 2
Diverse One-Class Classifiers Combination for

Multi-Class Pattern Classification

/ Abstract \

One-Class Classifier has been widely used for its ability to learn without
counterexamples. Its extension for multi-class implementation offers an
open scheme which allows easily adding new classes. However, using
OCCs for the multi-class implementation usually achieves less accuracy
than the usual multi-class implementations. Hence, in order to improve the
accuracy and keep the offered advantage, the suitable approach consists to
combine different classifiers. Thus, in this chapter we proposes a study of
combining different types of OCC for multi-class classification by means a
new Dynamic Weighted Average (DWA) combination rule. Experimental
results conducted on several real-world datasets prove the effective use of
the proposed approach where the DWA rule achieves the best results
against fixed rules as well as the decision template. Furthermore,

comparison of the proposed open classification system against a standard

open classifier based on K-NN shows the superiority of the proposed system

2.1. Introduction

The OCC has been successfully employed in many applications as image retrieval (Kwang-
Kyu, 2007), automated document retrieval and classification (Manevitz and Yousef, 2007),
combining different biometric traits (Bergani et al., 2009), anomaly detection in wireless
sensor networks (Moshtaghi et al., 2011), novelty detection in wildlife scenes (Yong et al.,
2012) and image segmentation and classification (Cyganek, 2012).

In the last decades, OCC has attracted much attention for many researchers leading to use it
for solving the multi-class classification problem (Goh et al., 2005; Ban et al., 2006; Yeh et
al., 2009; Rabaoui et al., 2007; Boehm et al., 2011 ; Seokho et al., 2015). Those are

.
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motivated by the advantages offered by the OCC against the usual implementations based on
bi-class or multi-class classifiers (Duda et al., 2001). Indeed, adding new classes does not
require retraining the used OCC for a second time. In addition, the OCC offers less
computational cost in terms of training time and memory space against some multi-class
implementations (Yeh et al., 2009) such as One-Against-One (OAO) and One-Against-All
(OAA) (Hsu and Lin, 2003).

However, using a single type of OCC for the multi-class implementation usually achieves less
accuracy than the usual multi-class implementations (Boehm et al., 2011). Furthermore, due
to the high diversity of existing OCCs (Tax and Duin, 2004), choosing a specific classifier for
various applications is a difficult task (Kuncheva, 2004). Therefore, a multiple classifier
system (MCS) is more suitable since it can produce a better system in terms of robustness and
accuracy (Duin, 2002). In addition, it allows keeping the offered advantage for achieving an
extensible multi-class system. In this case, the most difficult problem is finding the

appropriate classifiers and adapted combination rule for the addressed problem.

In order to perform the combination, an ensemble of diverse classifier must be created for
which different ways are possible. The most popular ways are based on different
initialization, different parameter choices, different architectures, different classifiers,

different training sets or different feature sets (Duin, 2002).

However, when combining OCCs for multi-class implementation as it has been reported in
the first chapter, most hybrid OCC ensembles explore different training sets or different
feature sets to yield diverse systems. Indeed, (Juszczak and Duin, 2004) used hybrid Parzen
OCC ensembles trained on different feature sets. In a related works, (Mufioz-Mari et al.,
2007; Abbas et al., 2013; Krawczyk and Filipczuk, 2014) explored same approach for
different applications. More recently, (Krawczyk and Wozniak, 2014) use the OC-SVM

ensemble trained on different training sets.

Nevertheless, different feature sets are not always available or complementary. Moreover, in
some applications such as handwritten signature verification or identification, training

samples are often reduced, which does not allow generating different training sets.

Hence, in this chapter a study of combining different types of OCC for multi-class
implementation is presented via proposing more suitable combination rule. Usually, OCCs are

combined using simple combination strategies such as fixed rules (Juszczak, R.P.W. Duin,

.
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2002; Mufioz-Mari et al., 2007), ECOC and DT strategies (Krawczyk and Filipczuk, 2014;
Krawczyk and Wozniak, 2014). In this chapter, an alternative approach is proposed based on
a Dynamic Weighted Average rule (Hadjadji et al., 2014a; Hadjadji et al., 2017a) instead of
the popular Static Weighted Average (SWA) (Verikas et al., 1999; Al-Ani and Deriche,
2002; Wang et al., 2002), leading to measure the importance of the used classifiers through
calculating their suitable weights for each test sample.

The remaining of this chapter is organized as follows. Section 2 describes the proposed MCS
using an ensemble of diverse OCCs and the combination rule based on various combination
rules. Section 3 presents experimental results conducted on different datasets in order to prove
the effective use of the proposed MCS. Finally, the conclusion and future work are provided
in the last section.

2.2. Combination of one-class classifiers for multi-class implementation

The basic structure of the proposed MCS based on OCCs is depicted in figure 2.1. The
achieved MCS is a collection of multiple OCCs, each one defines a specific class which is
composed of L OCCs, operating in parallel at the same data. Their normalized outputs are
aggregated through a combination rule. A description of each stage of the MCS is given in the

following sections.

2.2.1. Normalization of OCC outputs

Several combination rules are possible to achieve the MCS, but all these rules need a unique
interpretation of the outputs generated by the different classifiers for each test sample x.
Hence, the output normalization for each classifier is required for performing correctly the
combination. In this way, a straightforward approach consists to transform the classifier
outputs into posterior probabilities. Thus, we propose to use the softmax normalization

method (kuncheva, 2004) for its simplicity and effectiveness to map the it* classifier output
}j-OCCi of j* class defined as ¢ to posterior probabilities P;(c;/x) ranging between [0,1] as

follows:

exp < ijCC i(x)>+1

Xl exp (fjocc i(x)>+1

P (¢ /x) = (2.1)

2.2.2. Combination rules

The combination rule is the key for achieving an enhanced MCS. Thus, we use fixed
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(Juszczak, R.P.W. Duin, 2002; Mufoz-Mari et al., 2007), and trained rules including DT
(Krawczyk and Filipczuk, 2014; Krawczyk and Wozniak, 2014). and Static Weighted
Average (SWA) (Verikas et al., 1999; Al-Ani and Deriche, 2002; Wang et al., 2002), as a
base of comparison to validate the proposed Dynamic Weighted Average (DWA)
combination. In the following, the basic as well as the proposed combination rules are
described for designing a Multiple Classifier System (MCS).

The fixed combination rules assume that all classifiers have the same importance or
competence. However, when using different types of OCC, each classifier has its own
significance that should be considered. Hence, trained rules are considered as an alternative

approach that allows taking into account the significance of the different used classifiers.

Combination rule

= 0CCt
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N

Outputs normalization of inforeation source 1
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Figure 2.1: The proposed MCS architecture.
DT and ECOC are well known combination strategies for OCC. Indeed, they have been
investigated for combining OCC leading to achieve multi-class implementation (Wilk and
Wozniak, 2012) and also for combining different multi-class implementations (Krawczyk and
Filipczuk, 2014; Krawczyk and Wozniak, 2014). The achieved results are however roughly

similar for both combinations. The ECOC is not considered in this work since it relies on

e
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aggregating output labels that requires attributing a threshold value for each used classifier.
Hence, only combination of continuous-valued outputs strategy is explored and the threshold

values are set to zero.

2.2.2.1. Decision template

The idea behind the DT combiner is to remember the most typical decision profile for each
class, called the decision template DT;, which is often deduced by averaging classifier outputs
generated from the training samples.

During the testing step, the current Decision Profile DP(x) is compared with the decision
template of the different classes DT that are already deduced form the training samples. The
matching process can be performed using different distance measures from a set of different
ones. Nevertheless, the Euclidean distance has proved its effective use against other measures
for performing DT-based classifier combination (Kuncheva, 2003). Furthermore, (Wilk and
Wozniak, 2014 a) reported that Euclidean distance is widely used for DT distance criterion.
Indeed, it has been successfully investigated for bi-class and one-class classifiers combination
for multi-class implementation. Thus, only the Euclidian distance dg is used in order to assign

the evaluated sample x to the closest match as follows:

m
y(x) = argmax (1 - dy(DP(x), DT;)) (2.2)
j=1

2.2.2.2. Static weighted average

Generally, the SWA is considered as a successful straightforward combination rule, which has
been widely used for combining classifiers (Verikas et al., 1999; Al-Ani and Deriche, 2002;
Wang et al., 2002), as a weighted sum and weighted Borda count rules. In addition, it has
been also used for multimodal biometric authentication, where weights are assigned to each
matcher for biometric fusion. In our case, weights are assigned to each individual classifier
according to its importance for achieving the MCS. However, this importance is assumed the
same for all test samples. Indeed, the individual classifiers can differ from each other in terms
of performance. This difference can be measured using a validation dataset which can be used
for selecting the weights to be assigned to the ensemble members.

Thus, this method relies on the Average Error Rates (AERs) of classifiers which are
calculated during the validation step. Denote the AER assigned to each classifier i as r;,
i =1,...,L where L defines the number of classifiers used in a ensemble. Then, the weight w;

associated to the classifier i is calculated as follows:

-
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1
1/%i, "

Ti

Such that 0 <w; <1 and ¥, w; = 1. The class label y(x) of a test sample x is defined

using the following equation:

m

y(x) = a;gmfx(zle wiP, (¢ /x)) (2.4)
2.2.2.3. Dynamic weighted average
The main drawback of the SWA is that all samples are weighted by the same values. This
approach is not efficient since each test sample has its suitable classifier and, therefore, more
contribution should be given in respect to the more appropriate classifier. Indeed, each
classifier allows recognizing well a set of samples which is not well recognized by the others.
Therefore, the contribution of each classifier for each test sample must be calculated. In order
to overcome this drawback, a DWA is proposed here which calculates the weight assigned to
each classifier for each test sample according to the classifier maximum response kept from
the training step. More precisely, when the response of the classifier (i.e. the maximum value
of all classes) is near to its maximum response relatively to other classifiers, a high
contribution is assigned to this one versus the other classifiers. In contrast, when the response
of the classifier is less than its maximum response relatively to the other classifiers, the

contribution will be minimized. Let w;(x) be the weight assigned to the it" classifier for a test
sample x and denote op{ (x) the jt" class of it classifier response and op™** its maximum

response calculated during the training step, the weight assigned to the i* classifier for the

test sample x is defined as:

j=1

wi(x) = -
Yk exp (max (op{ (x))) / exp (opme*)
j=1

m
fiéxp <max (op] (X))> /exp (op[™™)

(2.5)

Such that, 0 < w;(x) <1 and Y%, w;(x) = 1. Hence, op™** is used as a reference of

classifier output comparison. In other word, it is used as a control value for estimating the

suitable contribution of each one.

Moreover, for each test sample, the proposed DWA allows to favorite the classifier that

responds nearly to its maximum response relatively to the other members in the ensemble.

e
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Indeed, the nearest response of the classifier to its maximum response is more certain to
produce a correct classification than the others. A test sample x is then assigned to the class
label y(x) according to the following equation:

m

y(x) = aerax(Z%:l w; (x) P; (Cj /x)) (2.6)
j=1

In summary, the proposed DWA is performed according to Algorithm 2.1.

Algorithm 2.1:

Inputs: Test sample x, classifier models OCCji, maximum classifier outputs op;"**
Output: Class label

l:fori«< 1toLdo I* i represents OCC type variable */

2: forj<1tomdo  /*j represents class variable */

Calculate the classifier output op{ (x)

end for

a &~ w

Compute the normalized output according to Eq. 2.1
6: Compute w; (x) according to Eq. 2.5
7: end for

8: Combine classifiers for computing the class label via Eq. 2.6

2.3. Experimental results

2.3.1. Dataset description
In order to evaluate the effective use of the proposed MCS, four datasets are selected from
ELENA project’, which represent real applications: Iris, Phoneme, Satimage and Texture. In

addition, we use Breast cancer?, Crab gender’, Handwritten digit*, off-line handwritten

1ftp.dice.ucl.ac.be in the directory pub/neural-nets/ELENA/databases.

2 . , . .
http://mlearn.ics.uci.edu/databases/breast-cancer-wisconsin/.

3
http://www.stats.ox.ac.uk/pub/PRNN/.

*
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signature datasets from the Center of Excellence for Document Analysis and Recognition
(CEDAR) and a set of handwritten Arabic word taken from the well known dataset
IFN/ENIT? used for recognition purpose. There are a few missing values in the used datasets.
In this case, during experiments, these values are replaced by the average of the feature
regardless of the class labels as it has been performed in (Kuncheva, 2003). All these datasets

are summarized in Table 2.1.

Table 2.1: Datasets used for evaluating the proposed MCS.

Dataset # Classes # Features  # samples

Phoneme 2 5 5404
Iris 3 4 150
Texture 11 40 5500
Satimage 6 36 6435
Breast Cancer 2 9 699
Crab Gender 2 6 200
Digits (USPS) 10 86 7287 1 2007
CEDAR 55 48 1320
Arabic word 100 768 12194

2.3.2. Experimental setup

The MCS is composed of five types of OCC which are trained separately on the same feature
space using the same training set. However, each classifier has its own parameters which must
be carefully tuned. For the OC-NN classifier, no parameters are required to be tuned unlike to
other classifiers. For the K-Means and k-Center classifiers, the respective parameters (the
number of cluster K and center k) are very sensitive and therefore should be tuned carefully to
avoid a misclassification (Dietterich, 2000). Hence, the classifiers are trained with different
values and then the optimal values are selected when the best performance of the training
dataset is achieved. For PCA an only one parameter must be specified, which is the number of

*http://www.gaussianprocess.org/gpml/data/.

° www.ifnenit.com.
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eigenvectors p. Hence, the classifier is trained with different values of p and then the optimal
value is selected when the best reconstruction is achieved from the training dataset. In
contrast, the OC-SVM has two parameters (v,y), which are fixed for each class during the
training step. Hence, different couples of parameters are generated during the training step in
order to achieve the best recognition rate. The optimal couple is then selected when both
highest recognition rate and the number of support vectors are obtained from the training
dataset.

In the experiment step, stratified three-fold cross validation is performed for all datasets
except for Digits dataset where the training and testing samples are defined beforehand as

mentioned in table 2.1.
2.3.3. Experimental evaluations

2.3.3.1. Performance evaluation

Results for the individual classifiers and MCS with different combination rules conducted on
the used datasets are reported in Table 2.2 and 2.3, respectively. Firstly, when comparing the
individual classifiers, we can notice that there is no—dominant classifier suitable for all
datasets. For instance, the OC-SVM provides the highest results only for Breast Cancer
dataset. Secondly, we can also notice that combining individual classifiers allow improving
the recognition rates than the best single one for all datasets, except for DT combination
where lower results than the best classifier are obtained for dataset having high number of
classes (Texture, digits and CEDAR). The DT is used for OCCs multi-class implementation
(Sachs et al., 2006) and also for combining the different multi-class implementations
(Krawczyk and Filipczuk, 2014; Krawczyk and Wozniak, 2014).. We can clearly observe that
the DT achieves poor results for multi-class implementations when the number of classes is
large as for CEDAR dataset, which leads to achieve less result against single classifiers that

have been implemented without DT.

Besides, when observing carefully the obtained results, we can notice that the DWA rule
offers an improved recognition rate whatever the selected dataset. Indeed, it is interesting to
note that when using the Crab gender and digits datasets, DWA is the unique combination
rule that allows improving the recognition rate. Furthermore, the DWA shows its robustness

to deal with large number of classes for CEDAR dataset and provides the best results.

Table 2.2: Classification accuracy (%) of individual one class classifiers

g
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Database INN K-Means  k-Center SVM PCA
Phoneme 78.11+0.48 70.66+3.72 72.16x2.39  74.65+0.95  74.30+1.36
96.07+£1.96 96.73+£1.13 94.77+1.13  95.42+493  95.41+1.33
Texture 98.80+0.16 96.37+0.34 96.73+0.69  98.22+0.22  98.34+0.25
Satimage 84.47+0.79 85.26+0.99 87.28+0.85  83.69+1.13  69.77+1.05
Breast Cancer 91.31+0.98 95.01+1.78 95.15+2.35  95.16+2.76  88.75+2.85
Crab Gender 93.10+£3.34 86.70+6.64 88.65+4.39  90.64+4.16  93.10+3.34
Digits (USPS) 92.47+0.00 92.27+0.00 91.08+0.00  93.32+0.00  93.97+0.00
CEDAR 86.01+0.61 86.75+1.70 85.43+1.95  84.80+0.42  87.87+0.60
Arabic word 82.43+0.86 80.36+1.36 80.17+1.86  80.95+0.31  83.34+0.78

Table 2.3: Classification accuracy (%) of MCS with different combination rules.

Combination rule

Dataset
Average Max Prod DT SWA DWA

Phoneme 79.17+0.61 78.69+0.64 79.17+0.61 77.32+0.78 79.07£0.55 79.52+0.45
Iris 98.69+1.13 96.07+3.39  98.69+1.13 97.38£1.13  98.69+1.13 98.69+1.13
Texture 08.82+0.16 98.29+0.15 98.80+0.10 89.45+1.19  98.83+0.19 99.49+0.45
Satimage 86.63+0.60 83.69+1.13 86.63+0.60 87.34+0.14  87.14+0.97 89.55 +0.65
Breast Cancer 96.71+2.03 96.72+1.37 96.71+2.03 96.43+2.36 96.86+2.20 96.86+ 2.20
Crab Gender 92.12+4.44  92.61+3.84 92.12+4.44 92.12+2.12 92.12+4.19 93.61+4.21
Digits (USPS) 93.72+0.00 93.47+0.00 93.72+0.00 90.08+0.00 93.72+0.00 94.02+0.00
CEDAR 87.76+£0.71 84.80+0.42 87.56+0.96 74.94+2.05 87.90+£1.21 89.17+0.59
Arabic word 84.73+0.43 80.67+0.20 84.75+0.48 68.28+0.93 84.77+0.48 85.37+0.34

In order to prove the effective use of the DWA combination rule against the existing

combination rules, we use the McNemmar’s test (Dietterich, 1998), which allows comparing

statistically two systems. More precisely, a contingency table is constructed in order to

calculate the p-value as reported in table 2.4.

Table 2.4: 2x2 Contingency table.

Noo

Nig

Np1

ni

e 1y, IS number of samples misclassified by both systems.
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e 140 is number of samples misclassified by the system | and not by the system II.
e 1y IS number of samples misclassified by the system Il and not by the system I.

e 14 is number of samples correctly classified by both systems.

The McNemar’s test can provide whether one system is significantly better than another
according to the p-value. More the p-value is smaller, more the difference of accuracy is
likely to be more significant. However, when the p-value exceeds 0.05, then the hypothesis is
considered as null. In this case, both systems perform closely and the difference is too small
to decide the superiority of one system than the other. Table 2.5 reports the p-value of the
DWA rule against the remaining combination rules (Average, Max, Prod, SWA and DT) for

all used datasets.

Table 2.5: The p-values of McNemar’s test for DWA versus the other combination rules.

Dataset DWA vs Average DWA vs Max DWA vs Product DWA vs SW DWA vs DT

Phoneme 6.66+2.90x 1073 0.30+0.97 x1073 6.66+2.90x 1073 1.30+0.63 x10™3 0.10+0.80 x 1073

Iris NA 1.57+0.00 x 1071 NA NA 1.57+0.00 x 1071

Texture 434+267x1073 2544341 x107* 458+131x1072 9.08+3.02x 1072 295+511x 10753

Satimage 393+501x10°% 166+283x1071* 119+2.06%x10°® 4.14+6.05x107% 7.23+1.18x 10
Breast Cancer 3.17+0.00x 1071 1.63+1.35x 1071 3.17+0.00 x 1071 NA 1.57 £0.00 x 10

-8

-1

Crab Gender 4.91+4.47x 1071 544+0.39x 107! 4.91+447x1071 3.99+142x107' 214+1.74x1071

Digits (USPS)  3.39+0.00 x 1072 7.60+0.00 x 1073 3.39+0.00 x 1072 3.39+0.00 x 1072 2.80+0.00 x 10™13

CEDAR 3.78+067%x1072 160+220%x1073 455+1.03x 1072 422+144%x1072 1.29+224x 10710

Arabicword  1.31+2.28x 1075 <10716 337+548x 1075 1.49+223x107* <10716

The obtained results show that the proposed DWA is significantly different from the other
combination rules, except for Iris, Breast cancer and Crab gender datasets. Indeed, the same
performance are achieved in some cases assigned by not a number (NA) and small difference
in other cases for which p-values exceed 0.05.

Furthermore, table 2.6 shows the ranking of various used combination rules. We can notice
that the trained rules are more appropriate than the fixed ones. Moreover, the proposed DWA
rule seems to be the best combiner since it achieves more accurate and stable results. On the
other hand, the overall ranking shows that the Average is the best rule belongs to the fixed

group, which confirms the findings from other studies (Kittler et al., 1998).
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It is clear when the number of combined classifiers increases, the computational cost is also
increased. However, since the OCC takes into consideration only the target class, the
computational cost is less in terms of training time and memory space against some multi-
class implementations such as OAO and OAA used with SVM classifiers. This demonstrates

the main advantages of using OCC to solve the multi-class implementation.

Table 2.6: Ranking of the combination rules according to the used datasets.

Combination rule

Dataset
Average Max Prod DT SWA DWA
Phoneme 2 5 2 6 4 1
Iris 1 6 1 5 1 1
Texture 3 5 4 6 2 1
Satimage 4 6 4 2 3 1
Breast Cancer 3 5 3 6 1 1
Crab Gender 5 2 5 3 4 1
Digits (USPS) 2 5 2 6 2 1
CEDAR 3 5 4 6 2 1
Avrabic word 4 5 3 6 2 1
Overall 3.00+1.22 4.88+1.16 3.11+1.26 5.11+1.53 2.23+1.11 1.00£0.00

2.3.3.2. Influence of reduced OCCs

In order to study the stability for reduced classifiers from OCC ensemble, we propose to
evaluate the performance of the MCS when only two OCCs are combined through the DWA
rule. Table 8 reports the obtained results for various applications. We can observe that for
Breast cancer, USPS and CEDAR datasets combining only two classifiers is more suitable

than combing the five classifiers.

Figure 2.2 shows rates of MCS success deduced from table 2.7 (10 MCS and 9 datasets lead
to 90 configurations). The objective of this comparison is to show the percentage of success
when the MCS is better, equal or worse than the best single classifier. As we can see, the

success rate of the MCS is more than 65.55% (59 times out of 90 comparisons), which proves

.
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the effective use of the proposed MCS for solving the multi-class classification problem.
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Success of the MCS (%)

MCS > Best single

Figure 2.2: Rates of MCS success.

MCS = Best single

MCS < Best single

Table 2.7: MCS accuracy (%) for different OCC ensemble members.

OCC ensemble Breast Crab Avrabic
embers Phoneme Iris Texture Satimage Cancer Gender Digits (USPS) CEDAR word
SVM-K-Means  71.56+3.46 96.07+1.96  98.31+0.16  88.26+0.94 96.72+1.77  87.68+5.84  93.37%0.00 86.22+0.81 81.15+0.11

SVM-PCA 74.99+1.15 97.38+1.13  98.94+0.13  84.58+0.52 97.00+1.48 93.10+3.34  93.97+0.00 89.01+1.21 86.43+0.56
SVM-k-Center ~ 74.91+1.82 96.73+2.99  98.73+0.23  89.47+0.45 96.58+1.86  90.61+2.15  93.17+0.00 88.19+1.17 80.66+0.40
SVM-NN 78.48+0.78 96.73+2.99  98.93+0.11  86.61+0.35 96.58+1.48 93.10+3.34  93.57+0.00 88.49+.125 84.21+0.15
PCA-K-Means  75.98+2.16 98.03+1.96  98.74+0.05 85.15+0.73 93.59+1.53  93.12+4.70 93.82+0.00 89.36x1.11 85.15+0.43
PCA-k-Center  75.56+1.01 96.73+2.99  99.29+0.19  87.75+0.56 93.86+1.95 93.10+3.34  94.07+0.00 89.07+1.07 85.48+0.25
PCA-NN 79.17+£1.17 97.38+2.26  98.34+0.25 69.77+1.05 91.31+1.88  93.10+3.34 94.07+0.00 89.66+0.87 86.45+0.47
K-Means-k- 81.10+0.42

— 74.19+2.37 96.07+£3.92  98.73+0.23 88.30+0.76 96.29+2.16  90.61+2.15 94.02+0.00 88.84+0.87
K-Means-NN  77.71+0.56 95.42+2.26  98.38+0.03 85.00+1.15 95.86+1.74  87.62+0.78 92.42+0.00 86.55+0.62 81.15+0.11
k-Center-NN  78.11+0.65 95.42+2.26  98.80+0.39  88.23+0.96 94.43+1.88  92.11+2.98  92.57+0.00 88.89+0.88  80.66+0.40
SVM 74.65+0.95 95.42+4.93  98.22+0.22 83.69+1.13 95.16+2.76  90.64+4.16 93.32+0.00 84.80+0.42 80.17+1.86
PCA 74.30+1.36 95.41+1.33  98.34+0.25 69.77+1.05 88.75+2.85  93.10+3.34 93.97+0.00 87.87x0.60 83.34+0.78
K-Means 70.66+3.72 96.73+1.13  96.37+0.34  85.26+0.99 95.01+1.78  86.70+6.64  92.27+0.00 86.75£1.70  80.95+0.31
k-Center 72.1612.39 94.77+1.13  96.73+0.69  87.28+0.85 85.43+1.95 88.65+4.39  91.08+0.00 85.43+1.95 80.36+1.36
NN 78.11+0.48 95.42+2.26  98.80+0.16  84.47+0.79 91.31+0.98 93.10+3.34  92.47+0.00 86.01+0.61 82.43+0.86

2.3.3.3. Experimental proof of using the DWA

In order to prove the effective use of the DWA for combining an ensemble of multiple OCCs,
figure 2.3 depicts an illustrative diagram of OCC ensemble showing relationship between

three best classifiers deduced from the Phoneme dataset. Each region of the Venn diagram
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corresponds to a set of test samples recognized by a specific set of classifiers as reported in
table 2.8. We can notice that each set of the used classifiers recognizes a specific rate of test
samples. For instance, both OC-SVM and NN recognize 8.13% from the entire testing
samples. Thus, attributing fixed importance for all classifiers cannot fit all testing samples.
This drawback can be avoided when each classifier has its own contribution for each test
sample through using the DWA. As explained above, when the classifier responds closely to
its maximum response relatively to others, it is considered more certain to produce correct

classification.

ﬂ)o OC-SVM \

. % /

Figure 2.3: Venn diagram of OCC ensemble.

Table 2.8: Rate of test samples recognized by a classifier (\) and not by the other ().

Code SVM PCA NN Rate (%)
001 V x x 10.17 +0.94
010 x V x 01.33+0.34
100 x x \ 01.51 + 0.63
011 V V x 04.29 + 0.56
101 V x \ 08.13 £ 1.19
110 x V V 03.77 £ 0.49
111 V V V 64.90 + 1.36

x
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This fact is illustrated in figure 2.4 for which we present the Probability Density Functions
(PDF) and mean values of classifier normalized outputs for both correct and incorrect

Figure 2.4: PDF and mean values for correct and incorrect classification (a) OC-SVM, (b) PCA and

(c) NN.
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classifications of Phoneme dataset. PDF and mean decision values show that outputs of
correct classification are higher than the ones of incorrect classification. Therefore, the correct
classification outputs are closer to their maximum responses, which allow detecting the more

adapted classifier from the ensemble for each test sample via the proposed DWA rule.

To illustrate this point, we consider a test sample belonging to the first class of Phoneme
dataset assigned correctly only by the PCA and OC-SVM. Table 2.9 reports the classifiers
outputs, their corresponding posteriori probabilities, AERs, the maximum response values,
static and dynamic weights generated through applying Eqgs 2.3 and 2.5, respectively. On the

other hand, Eq. 2.2 illustrates values of the decision templates computed for both classes.

As we can see, the k-Center achieves the lowest AER. Consequently, it generates the highest
weight. However, this weight value is the same for all testing samples. When using the DWA
combination rule, the maximum output value of OC-SVM is close to its maximum response
which generates highest weight. In contrast, the maximum output value of the k-Center and
K-Means are far from their maximum responses which lead to generate lower weights
allowing to decrease their influence.

Table 2.9: Classifier outputs, posteriori probabilities, AER, maximum output values, static and
dynamic weights for a test sample.

Classifier op} op} Pi(c1/x) Pi(c2/x) T op;"™* w; w;(x)
PCA -0.2827 -0.0987 0.4792 0.5208 27.87 -0.0002 0.0359 0.2074
K-Means -0.1620 -0.2198 0.5065 0.4935 28.85 -0.0003 0.0347 0.1947
SVM 0.0014 0.0018 0.4999 0.5001 26.70 0.0026 0.0375 0.2287
k-Center -0.4024 -0.4689 0.5065 0.4935 26.31 -0.0003 0.0380 0.1531
INN -0.0603 -0.1273 0.5080 0.4920 27.80 -0.0032 0.0360 0.2162
0.5233 0.4767 0.4879 0.5121
0.5113 0.4887 0.4717 0.5283
DT;10.5001 0.4999| and DT,|0.4999 0.5001 2.7)
0.5105 0.4895 0.4983 0.5017
0.5256 0.4744 0.4883 0.5117

Table 2.10 reports the output values according to the used combination rule and its assigned
class. We clearly can note that DWA is only the weighting method that achieves a correct
classification. This example proves the efficiency of the DWA against the SWA rule and

fixed rules. Thus, it seems that it is not easy to combine different types of OCCs: Indeed, the

.
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behavior of the ensemble could not be learned by applying the DT rule. In summary, we
clearly can conclude that linear combiners are more appropriate to deal with combining

different types of OCC for the multi-class implementation.

Table 2.10: Output responses provided by different combination rules.

OCCs Average  Product Max DT SWA DWA

Ensemble 1 0.5001 0.3113 0.5079 0.9959 0.5001 0.4997
Ensemble 2 0.4999 0.3112 0.5208 0.9957 0.4999 0.5003

Class label 1 1 2 1 1 2

2.3.3.4. Stability study of combination rules

In this section, we try to study the stability of various combination rules for an increased
number of classes. Thus, we use CEDAR dataset via calculating the mean recognition rate by
adding progressively new classes each time from 2 to 55. Figure 2.5 depicts the mean
recognition rate versus the number of classes achieved by the various combination rules.
Firstly, we can observe that for few classes, the most combination rules provide similar

performances. However, when adding progressively new classes, we can see that the
proposed DWA is the most stable.
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Figure 2.5: Stability study of combination rules.

Furthermore, Average, Prod, Max and SWA combination rules are also stable but provide less

accuracy comparatively to the DWA rule. We also can notice that Average, Prod and SWA

=l
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provide the same performance in terms of accuracy. A surprising result is the high instability
and the low accuracy obtained by the DT, which demonstrates its sensitivity for an increased

number of classes.

2.3.4. Comparative analysis

The main objective of using OCC for multi-class implementation is to achieve an open
system. Hence, we aim to propose more accurate and robust open multi-class pattern
classification based on DWA combination. Therefore, a comparative study is performed
against a standard open classifier based on the K-Nearest Neighbor (K-NN) classifier (Duda et

al., 2001).

Table 2.11 reports the obtained results for the K-NN classifier with different K values against
the proposed MCS system. Roughly speaking, we clearly notice that the MCS achieves better
results specifically for dataset having high number of classes for instance CEDAR and Arabic

word datasets.

Table 2.11: Recognition accuracy (%) provided by the proposed MCS comparatively to K-NN

classifier.
Breast Crab Digits
Classifier Phoneme Iris Texture Satimage CEDAR  Arabic word
Cancer Gender (USPS)
3-NN 78.07+0.94 96.80+1.07 97.90+0.21 87.95+0.22 96.45+1.36 81.86+8.49 87.48+0.00 77.98+0.99 67.19+0.45
7-NN 76.87+0.48 96.76%2.29 97.72+0.14 88.05+0.51 96.45+0.64 78.92+5.16 88.45+0.00 80.13+1.59 73.11+0.28

our system 79.52+0.45 98.69+1.13 99.49+0.45 89.55+0.65 96.86+2.20 93.61+4.21 94.02+0.00 89.17+0.59 85.37+0.34

2.4. Conclusion

This chapter aims to study the combination of different types of OCC for solving the multi-
class classification problem by means of a new combination strategy. Comparison has been
performed by combining diverse OCCs via linear fixed and trained rules, in addition, to the
well known DT strategy. Experimental results conducted on several real-world datasets show
that combining diverse OCCs is defiantly worth it, since the MCS achieves better results than
the best individual classifier. For the suitable combination strategy, we clearly can conclude
that linear combiners are more appropriate to deal with combining different types of OCC for

the multi-class implementation. Thus, a new DWA combination is proposed leading to more

.
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improvement of the linear combination and consequently the performance of the achieved
MCS.

Besides, comparison of the proposed open classification system against a standard open
classifier such as K-NN, shows the superiority of the proposed system specifically when the

number of classes is high.

It is obvious that combining all classifiers is not necessary for all classes and datasets. Hence,
the extension of this work consists to select for each class the most suitable OCCs in order to
achieve a robust MCS. Furthermore, dynamic weighting is also a promising way to be

explored for classifier aggregating.

Developing an effective combination rule is a standard way to perform improved OCC
ensembles. However, in the next chapter of this thesis we present another way related to
AANN ensembles improvement, which is based on an optimized selection of training

samples.
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Chapter 3

Optimized Selection of Training Samples for

Improved One-Class Neural Networks Ensembles

Abstract

ﬁhe one class Auto Associative Neural Network (AANN) has been\

investigated for solving various problems. Nevertheless, it is sensitive to

the presence of outliers in the training set, which is known problem for
one-class classifiers. For this, a straightforward approach consists of
partitioning the training set into subsets leading to reduce the effect of
outliers through a combination strategy. However, for the AANN even
with ensemble method the effect of outliers is still maintaining. Thus, we
propose an improved AANN ensembles based on a selection algorithm for
selecting the appropriate training samples to the AANN, which allows
enhancing the AANN combination and classification robustness.
Experimental results conducted on several real-world datasets prove the

effective use of the proposed algorithm to construct more robust AANN

(nsembles. /

3.1. Introduction

Neural network is one among the most useful OCCs, which is usually referred to as auto-
encoder and also as AANN. The AANN has been used for different applications. For
instance, Cheedella et al., (2002) and Kishore et al., (2001) used the AANN for on-line text-
independent speaker verification, Palanivel et al., (2003) used AANN for real time face
authentication. In other work, Manevitz and Yousef, (2007) used the AANN for automated
document retrieval and classification. In their application, the AANN is trained for filtering
the documents under different conditions. In their application the AANN classifier proved its
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effectiveness to achieve better results than the Nearest Neighbor, Naive-Bayes, Distance-
based Probability and one-class SVM algorithms.

Recently, the AANN has been extended to the multi-class classification problem for
classifying cognitive states of brain activity (Boehm, et al., 2011). A genetic algorithm has
been used for feature selection in order to enhance the recognition performances. AANN for
multi-class classification has been also used by Leena et al., (2004) for language identification
to distinguish between four Indian languages.

The most used AANN architecture is based on three layers (input, hidden and output layer).
Usually, the AANN is used to compress the input data to less dimensions (for feature
extraction), and subsequently to decompress these data back to original dimension in order to
test the reconstruction ability. This classifier relies on training to reproduce the training
dataset from the inputs to its outputs through adjusting parameters till minimizing the

reconstruction error.

However, the main difficulty of using the AANN, is its considerable sensitivity to the
presence of outliers or noisy data contained into the training set. Subsequently, the model
induced by AANN may suffer from poor consistency when the training set includes abnormal
training samples. Thus, Shieh and Kamm, (2009) proposed an OCC ensemble for combining
OC-SVM using bagging method to reduce the effect of outliers. Hence, bagging method is
proposed as an alternative solution for reducing the noise influence. However, for the AANN
even with ensemble method the effect of outliers is still maintaining. Therefore, we propose
an improved AANN ensembles ( Hadjadji and Chibani, 2015) based on a selection algorithm
for selecting the appropriate training samples ( Hadjadji and Chibani, 2014b) to the combined
AANN which allows enhancing the combination and classification robustness.

This chapter is organized as follows. Section 2 presents the algorithm used for selecting the
most representative samples from the entire training set. Experimental results conducted on
several real-world benchmarks are presented in section 4. Finally, the conclusion is provided

in the last section.

.
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3.2. Selection of Training Samples for AANN Ensemble enhancement

Several ways are possible for selecting the pertinent samples in order to reduce the outliers or
noisy data. The most known method is based on support vectors developed by (Scholkopf et
al., 2001) for OC-SVM classifier. In this work, we propose to investigate the AANN for
detecting the outliers or noisy samples, then omitting them from the training set. This may
lead to construct a robust representative model. The assumption relies on two main
observations. Firstly, when the AANN learns from the entire training samples, it learns the
internal structure of the consistence training samples. Secondly, the outliers or noisy samples
are defined as samples that have unlike structure than the consistence ones. Therefore, the
reconstruction error of these samples is higher than that for the consistence ones. For instance,
if the training set contains 10% of outliers, according to our assumption, those represent 10%
of the highest reconstructed error among the entire training samples. This is can be explained
mathematically through the following equations (Hadjadji and Chibani, 2014b):

Denote S, and S,,, the pertinent training sample set and the outlier set, which satisfy:
S= Sy U Sou (3.1)

The set fraction S,,, containing N,,, outliers is defined as a portion v selected from the

entire set Scontaining n samples.

Sout €S, Noye =V (32)

Such that, o0<v<il (3.3)

Consequently, the set fraction S, of the pertinent samples that contains N,, samples is

defined as follows:
Spr €8, Ny = (1 —=v)n (3.4)

Denoting f.,: the representative model of AANN which is trained on the entire training set,

the reconstruction error of each training sample x; is then defined as:

Er(xi) = fent (xi) — X (35)

-
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We define an ordered set S,,; that contains the training samples which are ordered according

to their reconstruction error from the minimum to the maximum value:

Sord = {fll-"'fn} (36)

Consequently, training samples are ordered according to their consistence value, such that X
and x,, represent the most and the least consistence samples, respectively. Hence, the set of
the most pertinent sample S, represents the first (1 —v) elements from the ordered set

Sord 8S:

Spr = {X1, o, X1v)n} (3.7)
Therefore, the optimal representation model is obtained through the following steps:
Step 1: Train the AANN on the entire training samples S to find the initial model f,,; .

Step 2: Order the training samples according the reconstruction error from the minimum to

the maximum value.
Step 3: Select the pertinent training sample set S, according equation 3.7.

Step 4: Retrain the AANN on the pertinent training sample set S, to generate the optimal

representative model f,, .

The extension of the AANN to the multi-class classification is based on training each class on
its respective AANN for a defined set of classes C = {cj, ..., ¢,, }, Where m defines the number
of classes. A test sample is assigned to the corresponding AANN when the best reconstruction
is correctly achieved, (i.e. having the least reconstruction error Er). The class label y(x) of a

test sample x is defined mathematically as follows:

m
y(x) = argmin (Er(x)) (38)
j=1
In ordered to incorporate the selection algorithm with the ensemble method we generate
randomly different datasets from the training set which allows generating various AANN for

each class. The selection algorithm is applied for each AANN and finely, combination rules

-
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are used for aggregating the normalized outputs obtained from Selected Training Samples
Auto Associative Neural Networks (STS-AANN) classifiers as it is presented in figure 3.1.

Note that, the out normalization method is the used softmax method which is explained in
chapter 2 and 3. Besides, in this work we are not concerned about the combination method,

hence, only fixed rules are used for evaluating the proposed approach.
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Figure 3.1: The overall architecture of STS-AANN ensemble.

3.3. Experimental Results

The proposed training samples selection algorithm on ensemble of AANN is evaluated using
on several real-world benchmarks for solving the bi-class and multi-class classification
problem which are reported in chapter 2. Similar to chapter 2 three-fold cross validation is
performed for all datasets.
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3.3.1. STS-AANN ensemble design and evaluation:

In order to create the ensemble of classifier we split up randomly the training set into three
different sets for each class, therefore each class is represented by three classifiers trained on
different samples (Hadjadji and Chibani, 2015).

For training the classifier, different parameters should be tuned. Firstly, the number of epochs
is fixed at 200, which seems widely enough for the used datasets. Another parameter that
should be carefully tuned to produce a correct representative model is the number of nodes in
the hidden layer. Hence, each classifier is trained on the target class by varying the number of
nodes. The optimal number is selected according to the best reproduction of the training

dataset and consequently the least reconstruction error.

For evaluating the selection algorithm to enhance the combination we perform comparison
between tow systems: ensemble of STS-AANN and AANN, which trained on the entire

samples (with any selection).

Thus, the proposed selection algorithm is performed for selecting the best samples; the
selection algorithm requires a parameter v to be tuned between zero and one. This parameter
is used for controlling the fraction or percentage of the outlier set. In this study, it is fixed as

10% from the entire training set. Consequently, v is fixed at 0.1.

Performances of the classification are evaluated using Mean Recognition Rate (MRR). Table
3.2 reports MRR for both systems based on ensemble of AANN and STS-AANN,

respectively.

As it can be seen from the Table 3.1, training the ensemble of AANN on the entire training set
affects considerably the results on all the used datasets. Indeed, for a reduced number of
samples, the MRR of the STS-AANN ensemble is higher comparatively to the AANN one,
which is trained on the entire set. Besides, it is worth a while to note that, ensemble of STS-
AANN outperforms the ensemble AANN whatever the used combination rule as it reported in
Table 3.1. Therefore, the most important for generating an effective ensemble is not only

partitioning the training set, but checking the consistence of the training set.

-
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Table 3.1: AANN ensembles against STS-AANN with different combination rules

Combination Average Max Min Prod
rule
Dataset AANN STS-AANN AANN STS-AANN AANN STS-AANN AANN STS-AANN
Banana 87.65+3.57 91.07+2.64 89.60+5.88 90.58+1.79 89.60+5.88 90.58+1.79 89.60+5.88  91.07+2.64
Cancer 96.43+0.66 96.57+1.14 96.15+0.44 96.29+1.32 96.15+0.44 96.29+1.32 96.43+0.66 96.57+1.14
Iris 97.38+2.26 98.03+1.96 98.03+1.96 98.03+0.00 98.03+1.96 98.03+1.96 98.03£1.96  98.03+1.96
Phoneme 74.28+0.89 76.97+£2.39 74.06+0.86 76.91+2.65 74.06+0.86 76.91+2.65 74.01+0.78 76.39+2.13
Crab 63.77+17.35  66.35+1.74 | 80.03+14.50  85.59+4.81 | 80.03+14.50 85.59+4.81 79.54+425  86.08+5.05
Satimage 78.37+3.62 80.96+1.72 76.13+3.92 79.50+1.27 79.10+3.28 79.50+1.27 78.49+361  81.07+1.61
Texture 95.46 +£0.52 95.69+0.42 95.26+0.51 95.53+0.99 93.84+1.23 93.86+1.17 95.40+0.51  95.64+0.47

In order to prove the effective use of the proposed approach, we present an example of
Banana dataset. Figure 3.2 shows the training samples of Banana dataset, which are mapped
in their reconstruction error space generated by the initial model f,,;. The red dots and stars
represent the first and the second classes, respectively. REF 1 and REF 2 denote the

reconstruction errors of feature 1 and 2, respectively.

In order to select the most representative samples, the proposed selection algorithm is applied
separately on each class. The selected samples are showed by the blue circles for the first and

second classes, respectively.
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Figure 3.2: Mapping the selected and unselected training samples in the reconstruction error space

We clearly note that, the consistence training samples are near to the center and thus, they are
well reproduced by the model, which learnt the internal structure of target class samples. On
the other hand, the outliers, which are not selected, are distributed far from the center.
Therefore, the reconstruction error of these samples is higher than that for the consistence

ones, which means that they have unlike structure than the consistence ones. As a result, the
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model that learns the internal structure from the training samples offers an easy way for
detecting the outliers or noisy samples.

Figure 3.3 shows the distribution of the training samples in their original space. As it can be
seen, samples which are not similar to the majority are not selected by the algorithm. On the

other hand, the outliers are located in the borders of the training sample distribution.
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Figure 3.3: Mapping the selected and unselected training samples in the original
space for both classes

Figure 3.4 shows the effect of training sample selection through mapping test samples on both
ensembles AANN and STS-AANN. We can clearly see the effectiveness of the selection

algorithm to reduce the overlap between the classes and therefore reducing miss classification.

Figure 3.4 also proves that using ensemble of AANN alone to reduce the effect of outliers is
not enough, and their effect is still maintaining. This has guided us to joint AANN ensembles
with a selection algorithm, which proves its effective use for more enhancement of the
ensemble robustness.
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Figure 3.4: Effect of training samples selection on the test samples on both ensembles for class 1 (a),
class 2 (b) using mean combination rule

3.4. Conclusion

The objective of this chapter aims to propose an alternative method for ensembles
improvement, which is always performed on the combination rule. Thus, the proposed
method relies on an effective selection of training samples for performing an improved
AANN ensemble. More precisely, the pertinent samples are selected according to their
reconstruction error calculated between the input and its corresponding output generated by
an initial model. Experimental results conducted on several real word datasets reveal that, the
proposed selection algorithm is very easy to implement and allows improving effectively the

classification accuracy whatever the combination rule.

In the continuation of the presented thesis, we will explore the hybrid OCC ensembles for
handwritten recognition applications which are, Arabic handwritten word recognition, and

writer identification form handwritten signature as well as handwritten text fragments.

S






Chapter 4

Hybrid One-Class Classifier Ensembles based-Fuzzy
Integral for Open-Lexicon Handwritten Arabic

Word Recognition

Abstract
So far, hidden Markov model, support vector machine and neural
networks are the most used classifiers for Arabic word recognition, which
provides a system with closed lexicon. In this chapter, the OCCs are
explored in order to perform an Arabic word recognition system with an
open lexicon. Generally, pattern recognition systems designed by a single
system suffer from limitations such as the lack of uniqueness and non-
universality. Thus, combining multiple systems becomes an attractive
research topic for performance and robustness enhancement. Usually,
fixed rules are the standard used combiners for the hybrid OCC
ensembles. Thus, the present chapter aims to propose a combination
scheme of OCCs based on fuzzy integral operators. Furthermore, an
alternative framework is proposed to design a parameter-independent
and open-lexicon handwritten Arabic word recognition system as well as

a new density measure function. Experimental results conducted on

Arabic handwritten dataset using different types of OCCs with large

number of classes show the superiority of FI for hybrid OCC ensembles.

4.1. Introduction

Handwritten Arabic word recognition is an active research field due to its interesting use in
different applications such as automatic sorting of postal mail, automatic bank check
processing, bills processing, passport validation and recently, for historical document reading

via text to speech applications, helping blinds to read and recognizing handwritten historical

g
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documents (Lawgali, 2015; Shatnawi, 2015; Alginahi, 2013; Likforman-Sulem and Sigelle,

2008). Arabic language is unlike the Latin languages, which is written from right to left. Also,
it has its own diacritical marking such as dumma (’), hamza (¢), and the madda (~). Regarding
character shapes, Arabic script has two main properties. On one hand, several letters share the
same shape and differ only in the number and position of dots, such as “djim: z”, “ha: ”” and
“kha: #”. On the other hand, some letters change their shape according to their situation at the
beginning, the medial or the end in the word. For instance, the letter “Ain”, can be written

through four shapes that are: “ =, =, &, &”, where the two last shapes are related to end

positions which change if the word is fully connected or not.

So far, the Arabic word recognition is considered as one of the most challenging task in
pattern recognition for its specific writing as well as its variability. In this context, the
analytical and holistic approaches are the two possible ways for recognizing an Arabic word
(Farah et al, 2005). The first one consists to segment a word image into sub-words or isolated
characters, which are recognized through character recognition. Generally, the analytical
recognition is useful when very large vocabulary is available since it is impossible to
construct a specific classifier for each word. Hence, the Hidden Markov Models (HMM) are
considered as the most probably used classifiers for solving very large vocabulary lexicon
(Knerr et al, 1998). In contrast, the holistic approach is based on the global analysis where
each word is considered as a single unit, which is appropriate for problems with large or
medium vocabulary such as address postal recognition (PI6tz and Fink, 2009). In this case, all
kinds of classifiers can be used such as the binary Support Vector Machines (SVM) (Mufioz-
Mari et al, 2009; Krawczyk and Filipczuk, 2014). The main advantage of this approach is
related to its efficient capture of the co-articulation and variability effects contained into word
images handled by the same classifier (Vinciarelli et al, 2002). Hence, the present work is

focused on the use of the holistic approach for recognizing handwritten Arabic word.

So far, HMM (Jayech et al., 2016), SVM (Hmeidi et al., 2008), neural networks (AlKhateeb
et al., 2011) and hybrid of SVM and conventional neural networks (Elleuch et al., 2016) are
the most used classifiers for Arabic word recognition. However, the use of such type of
classifier provides an Arabic word recognition system with closed lexicon, indeed, adding

new word to the lexicon requires retraining all the system.

.
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Nowadays, extended multi-class implementation to new classes is strongly required, for
instance, in Arabic word recognition and handwritten writer identification. Nevertheless, the
existing classifiers need to retrain the system again on all classes such as the One-Against-
One (OAO) or One-Against-All (OAA) implementations based on the SVM classifiers.

In this chapter, the OCCs are explored in order to perform an open-lexicon Arabic word
recognition system. Generally, pattern recognition systems designed by a single system suffer
from limitations such as the lack of uniqueness and non-universality to the problem at hand
(Kwak and Pedrycz, 2005). Thus, combining multiple systems by taking advantage of each
individual and avoiding their weakness may lead in the improvement of classification
accuracy. Therefore, combining classifiers trained on different features intending to
investigate their complementary characteristics is definitely worth it. Indeed, the benefits of
multiple classifiers based on different features for the same problem have been suitable for
various fields of pattern recognition, including handwritten recognition (Chiang and Gaber,

1997), speech verification (Pham and Wagner, 2000) and other applications (Chiang, 1999).

Recently, it has been demonstrated that combining classifiers can also be effective for OCCs
and therefore, the existing classifier combination strategies can also be applied to OCCs (Yeh
et al., 2009). Since information regarding only one class is available, combining OCCs

becomes more difficult.

Usually, the combination step for the hybrid OCC ensemble is performed through the use of
simple combination rules such as fixed rules (Juszczak, R.P.W. Duin, 2002; Mufioz-Mari et
al., 2007), ECOC and DT strategies (Krawczyk and Filipczuk, 2014; Krawczyk and Wozniak,
2014). However, fixed combiners cannot be useful to treat some difficult cases. Fixed rules
are optimal for special cases for which the combined systems are similar in terms of
performance and competence. Moreover, classifiers designed by various information sources
are different from each other, because the members of the ensemble are built of diverse
feature spaces (Kuncheva, 2004). Therefore, trained combiners are more suitable since a
priori-knowledge about the ensemble is investigated in the test phase, which allows giving
more importance to the more suitable classifier. Thus, the final decision is made by taking

into account the competence of each member.

.
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In this respect, a great effort has been done for proposing various combination methods and
schemes including methods based on the Dezert-Smarandache Theory (DSmT). Indeed,
(Abbas et al., 2013) proposed DSMT a new scheme based on OC-SVM ensemble trained on
different feature sets using the DSmT for handwritten digit recognition. The DSmT shows its
superiority in term of performance versus the sum rule. However, the proposed scheme
violates the best advantage of using OCCs as multi-class system since the extension to new
classes, achieves a closed system. Indeed, adding new classes requires updating all parameters

and retrains the combination model.

Other alternative combination methods have been proposed based on fuzzy sets. In that case,
FI and the associated fuzzy measures initially introduced by Sugeno have been reported to
give excellent results for classifier aggregation. Its main advantage is related to measuring the
strength not separately for each classifier alone but for all members. The ability of the fuzzy
integral to enhance the results produced by multiple information sources has been proved in
various application areas of pattern recognition (Kwak and Pedrycz, 2005; Chiang and Gaber,
1997; Pham and Wagner, 2000; Chiang, 1999).

For pattern classification usually parameters should be adjusted each time when a new class is
added to the system. Besides, in FI the density measure representing the ensemble
competence of each member is measured by its achieved performance. Consequently, all
testing samples are represented by the same density measure values, which make this
approach less efficient since each test sample has its suitable density measure. Therefore,
more contribution should be given in respect to the more appropriate information source and

each test sample.

To overcome these drawbacks, this chapter proposes to investigate an alternative framework
for designing a parameter-independent open-lexicon Arabic word recognition system
(Hadjadji et al., 2014c) as well as a new density measure function. This framework allows
providing a dynamic measure for each test sample without the need to measure its
performance via the training or validation dataset. Since OCCs have not been evaluated yet
for large number of classes, results are carried out on large dataset for Arabic handwritten
word recognition and different types of OCC, leading to have an extended view on the

usefulness of proposed framework based on FI to the addressed problem.

.
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The remaining of this chapter is organized as follows. Section 2 describes the mathematical
formulation of the proposed hybrid OCC ensemble. In section 3, experimental results are
conducted on various types of OCC for handwritten Arabic word recognition with large
number of classes in order to prove the effective use of the proposed combination scheme.

Finally, the conclusion and future work are provided in the last section.

4.2. Hybrid OCC ensemble based on fuzzy integral

The hybrid system is composed of different single OCC ensembles, where each one is
dedicated to represent one-class from the set of classes. Consequently, each class is
represented by a combination of different OCCs. Various combination rules are possible for
achieving an enhanced hybrid OCC ensemble. The present chapter proposes to investigate the

F1 operators for combining multiple single OCC ensembles.

The hybrid OCC ensemble depicted in figure 4.1 is composed of m classes and L different
information sources. Therefore, each class is represented by a single OCC ensemble which is
composed of L OCCs trained on different information sources. Their normalized outputs are
aggregated through a FI operator. Finally, the class label of the test pattern is assigned to the

single OCC ensemble that achieves the maximum prediction.
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Figure 4.1: Hybrid OCC ensemble scheme based on Fuzzy integral.
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Figure 4.1: Hybrid OCC ensemble scheme based on Fuzzy integral.

Let {D;,i = 1,..m} be the set of m single OCC ensembles and denote D; = {d;;,j = 1,..,L }
as the output vector composed of the output value d;; provided by the OCC;; trained on the

it" information source of the j* class. The set of the output values can be represented in a
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Several combination rules are possible to achieve the hybrid OCC ensemble, but all these
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(4.1)

rules need a unique interpretation of the outputs generated by the different classifiers for each
test pattern x. Hence, the normalization of outputs for each classifier is required for
performing correctly the combination. In this work, the simple exponential function is used

for transforming the OCC output d;; ranging from ] — oo,0] to ]O, 1] using the posteriori
probability P;(c; /x) as follows:

Pi(q/x) = exp (dy; (x)) (4.2)
The evidence is then expressed as the posteriori probability taking the following form:
h; (z) = Pi(c/x) (4.3)

The successful key of FI depends on the appropriate formulation of the density measure
associated to each information source. Consequently, if the density measures are well
formulated then the fuzzy measures can be correctly defined, in order to make a well
aggregation of the fuzzy integral. Generally, the density measures represent the competence
of the ensemble member measured by its accurate performance. The use of the performance
deduced from the training datasets is not well representative since it requires a new validation
dataset to get a better evaluation of each information source. Moreover, all testing samples are
represented by the same values, which make this approach less efficient. Indeed, more

contribution should be given in respect to the more appropriate information source and each

-
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test sample. To overcome this drawback, we propose an alternative approach in which the
density measure is considered as the similarity degree or correspondence between the class
model and that of the test pattern, i.e. the closer the similarity is, the greater the value of the
density measure is. Therefore, a new dynamic density measure is proposed, which is defined
for each test sample as:

gij (x) = exp (—6||dl-j (x) — dmy; ||2) (4.4)
Suchthat, 0 < g;;(x) <land 0 <6 < 1.

The dm;; is obtained by averaging values of the OCC;; outputs using the training samples. &
is a positive value that has been introduced for calibrating more efficiently the density and
therefore representing more accurately the contribution of each classifier and information

source.

Let y(x) be the class label of a test pattern x and one of the defined FI operators Sugeno (),
Choquet (I), S-AND (Is_anp), C- AND (I-_4np) and OR (IpR), the aggregation of posteriori
probabilities of the different information sources and their corresponding fuzzy measures to
be combined is defined as:
m
y(x) = argmax (FIOP]. (h] (z), g; (Al-))),l <i<L (4.5)
j=1

FIOP is one of the defined FI operator.

In summary, the multi-class classification using the FI is performed according to the
Algorithm 4.1.

Algorithm 4.1:

Inputs: Image word I, classifier models OCCji, average training outputs dm;;

Output: Class label

1. fori < 1tomdo /*irepresents class variable */

2: forj < 1toL do I* j represents the feature generation method variable */

3: Calculate the word feature vector x of the image word [

.
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4: Calculate the classifier output d;; (x)

5: Compute the normalized output Pl-(cj /x) and the evidence value h; (z;) according
to Eq. 4.2 and 4.3.

6: Calculate the density measure according to Eq. 4.4

7 end for

8: Determine the fuzzy measures g;(4;) ,for 1 < i < L and 1 <j < m using Egs. 1.24
and 1.25.

9: Perform FI operator to determine the combination score via the evidence and fuzzy
measure

10: end for

11: Assign the unknown word to the word class that provides the maximum FI
combination score according to Eq. 4.5.

4.3. Experimental results

4.3.1. Dataset description

In order to evaluate the proposed approach on large number of classes, the well known
IFN/ENIT dataset (www.ifnenit.com) is selected containing more than 26400 images of
Tunisian town names written in Arabic script. Words are written by 411 writers using
different writing tools. The IFN/ENIT is composed of four folds, A, B, C and D. Usually,
results are carried out using three folds for training and one for testing. The present work is
evaluated using 300 classes each one is trained by considering more than 10 samples per
class. All results are reported in terms of the classification accuracy expressed in percentage
(%).

4.3.2. Information source generation

Various techniques have been proposed for generating features from the word image (Rath
and Manmatha, 2003). In this work, the Curvelet transform (CT) is used for its enhanced
directional capacity to characterize edges and singularities along curves that compose
handwritten Arabic word (Candeés et al., 2006). CT has been employed in various applications
such as image denoising (Starck et al., 2002), face and facial expression recognition (Mandal
and Wu, 2008; Saha, and Wu, 2010), compression (Majumdar, 2009), texture classification

.
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(Arivazhaganet al., 2006), content based image retrieval (Sumana et al., 2008), character
recognition (Majumdar, 2006; Kazemi et al., 2008). Recently the CT has been successfully
used for offline handwritten signature retrieval (Shirdhonkar and Kokare, 2011) and

verification (Guerbai et al., 2015).

Presently, CT is first performed on the word image via the wrapping technique at different
scales and different orientations to generate curvelet coefficients. The resulting ones are used
for computing the energies, which allow characterizing the importance of the curvature
contained into the word image. In order to capture more efficiently the local information, CT
is performed on different sections of the word image grid. Finally, the feature vector is

achieved by concatenating all computed wedge energies for the defined image sections.

In order to perform the combination, different information sources should be generated from
the word image (Abbas et al., 2013; Rath and Manmatha, 2003). Also, three different ways
are used for partitioning an image into variety of sections (before applying the curvelet
transform) namely equispaced, equimass and equimass adaptive grids, respectively. A
uniform or equispaced grid (Favata and G. Srikantan, 1996) creates rectangular regions for
sampling, where each one has the same size and shape. It is performed via placing the grid
lines at equally spaced locations along the x-axis of the word image creating the vertical
regions. Similarly, the horizontal regions are produced by placing grid lines at equally spaced
locations down the y-axis. Conversely, an equimass grid creates different rectangular regions
having the same number of black pixels, also known as the mass, of the word image (Favata
and G. Srikantan, 1996). Consequently, each region is found by partitioning horizontally and
vertically the word image using its mass histogram. Hence, the total mass between all
adjacent points on either the x-axis or the y-axis are as close to equal as possible.
Additionally, the equimass adaptive is used, which is a small modification of the equimass
grid. It is based on the computation along the x-axis for each horizontal region and not for the
entire image as in equimass grid. Figure 4.2 shows an example of partitioning the handwritten

word image using three methods.

.
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Figure 4.2: Arabic handwritten word decomposition having the same grid size 2x8
(a) Equispaced grid, (b) equimass grid and (c) equimass adaptive grid.

4.3.3. Experimental design

In order to design the hybrid OCC ensemble parameter-independent and open-lexicon Arabic
word recognition system, experiments are conducted into two steps: design step and
evaluation step. During the design step, a number of classes is randomly selected from the
whole dataset in order to deduce the optimal parameters for feature generation, training
parameters for OCCs and the combination model. During the evaluation step, the remaining
classes are used for evaluating the robustness of the proposed system taking the same
parameters found during the design step. In other words, when a new class is added to the
hybrid OCC ensemble for evaluation, the same parameters are used, as they have been tuned

during the design step.

In this work, the hybrid OCC ensemble is composed of three OCCs for each class, each one
receives its own feature vector according to the selected feature generation method. Hence,
each OCC is separately trained on its own information source. In order to have a large view
on the usefulness of the proposed architecture, results are carried out on different types of
OCCs which are PCA, K-Means and NN (Tax, 2001). Therefore, different systems are built
according to the used type of OCC. These classifiers are selected for their success in many

applications and for the reduced numbers of parameters to be tuned during their training.

During the design step, the proposed open classification system is highly affected by the grid
size and the classifier parameters. For the NN classifier, no parameters are required to be

tuned unlike to other classifiers. For the K-Means, an only parameter should be carefully

.
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tuned corresponding to the number of cluster. The PCA also needs an only parameter
corresponding to the number of eigenvectors. For finding the optimal parameters of the grid
size and classifiers, 10 classes are selected randomly having more than 10 samples per class.
To build the OCC models, the set of samples for each class is divided into two subsets namely
Subset 1 and Subset 2, respectively. Subset 1 is used for training the OCCs while Subset 2 is

used for finding the optimal parameters of the grid size and classifiers.

Results expressed in terms of classification accuracy for three information sources with
different grid sizes obtained with the best classifier parameters are reported in table 4.1. As
can be seen, the grid size affects significantly the classification accuracy whatever the used
classifier. Indeed, when the grid size increases, the classification accuracy is also enhanced.
Therefore, the suitable grid parameters are selected to achieve the best accuracy. In this case,
the grid size 2 x 8 offers the best accuracy and optimal feature vector size for all classifiers
and for three grid types. Therefore, this grid size is selected for all next experiments.

Table 4.1: Classification accuracy (%) of individual OCCs with various equispace (ES), equimass
(EM) and equimass adaptive (EA) grid sizes.

PCA K-means NN

Grid #

size Features

ES EM EA ES EM EA ES EM EA

2X2 192 80.78 84.98 86.78 8198 81.38 82.23 74.17 74.17 74.40

2X4 384 91.89 93.39 9399 89.18 91.29 91.89 81.38 84.38 85.70

2X6 576 9429 9519 95.79 9249 9249 09519 84.08 86.78 89.18

2x8 768 95.79 96.09 96.69 93.09 93.99 96.69 93.09 93.99 96.39

Once designing the individual classifier, the combination is performed by means of the FI
operators. As already reported, the use of FI requires a careful tuning of parameters, which are
the calibration parameter (&) related to the fuzzy densities according to Eqg. 4.4, and the
couple (a, B) related to OR, C-AND and S- AND operators, respectively. Similarly to
individual systems, suitable parameter (8, a, 8) values are tuned using also the 10 classes.
Results for the used operators with different values of the calibration parameter (&) ranging
from 0.1 to 1 with a step 0.1 are depicted in figure 4.3. Moreover, for OR, C-AND and S-

AND operators, the presented results are obtained with best parameters of the couple (a, B)

.
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varied in the range [0, 1]. From the presented results, it is worth noting that the Choquet and

C-AND are the best and the most suitable FI operators. However, they are highly affected by

the calibration parameter §. Therefore, a careful tuning should be carried in order to achieve

the best performance. For instance, for the NN classifier, C-AND operator achieves a

classification accuracy from 96.09% to 98.49% when varying the calibration parameter in the

range [0.1, 1], which justifies its introduction to the proposed density measure function. Table

4.2 reports the optimal parameters (8, «, 8) selected during the design step to achieve the best

classification accuracy.
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Figure 4.3: Effect of calibration parameter 6 on the different operators: (a) PCA, (b) K-Means and (c)
NN classifiers.

Table 4.2: Optimal parameters (8,0,) selected for each operator and OCC during the design step.

Operator
Classifier ~ S-AND (6, @) C-AND (6, a,) OR (6, a,B)
PCA (0.05, 0.3) (0.2,0.3) (0.05, 0.2, 0.6)
K-Means (0.05, 0.5) (0.5,0.5) (0.75,0.3,0.5)
NN (0.05, 0.8) (0.35,0.8) (0.05, 0.6, 0.3)

4.3.4. Combination results

Results for the individual classifiers and the hybrid OCC ensembles with different
combination rules according to the selected OCC are reported in tables 4.3. When comparing
the individual classifiers, we can note that PCA is the most suitable for this application.
Moreover, for a fairly comparison and analysis of the achieved combination schemes, various
FI operators are evaluated against fixed combiners including Average (Avg), Product (Prod),
Minimum (Min) and Maximum (Max) (Cyganek and Krawczyk, 2015; Duin, 2002). From the
obtained results, we can also notice that combining information sources allows improving

considerably the classification accuracy than the single source for all classifiers. For instance,

&
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when using the hybrid PCA for the test set A, the classification accuracy is improved by more
than 7 % against the best single information source, which confirm the effectiveness of using
multiple systems than using a single one. Secondly, for the combination strategy, we can
clearly observe that the average and product are the best combiners form the fixed group and
on the other side, we find that Choquet is the best form the FI group. Besides, when
comparing the fixed group against the FI one, we can note that the Choquet and its extension
C-AND combiners offer an improved recognition rate than the best fixed aggregators.
Therefore, FI combiners are more suitable than fixed ones for hybrid OCC ensemble, Choquet
integral seems the most suitable for achieving the hybrid OCC ensemble, since it yields better
results with C-AND without any parameter.

Table 4.3: Classification accuracy (%) of individual classifiers and hybrid one-class ensembles with
different combination rules for 300 classes.

Sources Fixed rules Fuzzy integral Operators
occ ES EM EA Avg Prod Max Min Sugeno C-AND OR Choquet S
ensemble AND
PCA 71.14 7332 76.26 82.02 82.02 7111 7727 7991 8186 8184 8373 78.18
K-Means 60.43 62.65 67.35 76.43 76.32 62.61 69.07 7051 7512 7143 77.64 71.88
NN 60.22 62.69 68.15 76.26 76.21 62.64 69.75 7245 75.67 73.23 7755 73.22

In order to have extended view about the performance of the proposed system, results are
provided in table 4.4 with different types for each sort of used OCC to perform the open
hybrid OCC ensembles. From the obtained results, we can obviously notice the effect of the
selected top for the word recognition. Furthermore, the OC-PCA based open hybrid OCC
ensemble appears to perform the best word recognition accuracy, and provides 83.73% and

96.17% for Top-1 and Top-5, respectively.

.
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Table 4.4: Classification accuracy (%) of individual classifiers and hybrid one-class ensembles with
different combination rules for 300 classes according to Top-N.

Sources Fuzzy integral

Operator

OCC ensemble ES EM EA Choquet
PCA 71.14 73.32 76.26 83.73
Top-1 K-Means 60.43 62.65 67.35 77.64
NN 60.22 62.69 68.15 77.55
PCA 79.87 80.16 82.88 87.66
Top-2 K-Means 68.67 68.96 71.22 78.00
NN 68.15 69.12 71.08 77.62
PCA 87..98 90.19 91.97 92.60
Top-3 K-Means 7175 7247 74.32 80.29
NN 7122 7232 74.85 80.16
PCA 90.35 91.60 93.25 95.70
Top-4 K-Means 7415 7490 76.74 82.84
NN 73.85 75.00 76.57 82.78
PCA 91.95 92.66 94.88 96.17
Top-5 K-Means 75.57 76.59 78.38 83.96
NN 75.48 76.80 78.67 83.73

In order to show the effective use of the Choquet operator against the remaining combination
rules, we use the McNemar’s test (Dietterich, 1998), which allows comparing statistically two

systems. More precisely, a contingency table is constructed in order to calculate the p-value.

The McNemar’s test has the ability to provide whether one system is significantly better than
another according to the p-value. A small p-value indicates a significant difference of the
classification accuracy between two systems to be compared. In contrast, when the p-value
exceeds 0.05 then the null hypothesis is considered. In this case, both systems perform closely

and the difference is too small to decide the superiority of one system than the other.

-
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Tables 4.5 reports the p-value of the Choquet operator against the remaining combination
rules for PCA, K-Means and NN classifiers according to Top-1. The obtained results show
that the Choquet operator is significantly different from the other combination rules for the
different type of classifiers except for C-AND operator, where small difference can be

observed in some cases for which p-values exceed 0.05.

McNemar’s test proves that combination rules based on Choquet and C-AND are more robust
than the fixed rules whatever the used OCC and datasets. Indeed, the obtained p-values are

very small which shows the high difference between the different aggregators.

The obtained results show the successful of Choquet operator for improving the results of the
hybrid OCC ensemble, which is due to its ability to capture interactions among the OCCs and
attribute the right importance for each information source. According to the definition of
Choquet FI, the appropriate weight values are deduced from the fuzzy measure dynamically
for each test pattern which represents its successful key. Moreover, the proposed method for
dynamic density measure, which is associated with fuzzy measure, offers a better adaptation
allowing to give more importance to the relevant information source relatively to the others
for each test sample.

Table 4.5: The p-values of McNemar’s test for Choquet FI versus the other combination rules for
hybrid OCC ensembles according to Top-1.

Fixed Rules Fuzzy Integral Operators

occC

Avg Prod Max Min  C-AND OR Sugeno S-AND
ensemble

PCA 8281071 22810713 1.1710°% < 10716 <1071 <1071 < 10716

< 10716
NN 1501077 2.16107°8 <107 < 10716 35010-5 974 107 < 10716 < 10716
K-Means 1.77 x 1076 2.01 x1077 <1076 < 10716 128105 < 10716 < 10716 < 10716

4.3.5. Stability study of combination rules
The proposed hybrid OCC ensembles using FI operators are evaluated to show the behavior
of the parameter-independent open classification when new classes are progressively added to

the system. Also, we use the stability criterion, which defines the ability of an OCC or hybrid

.
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OCC ensemble to maintain the same classification accuracy when the number of classes is
progressively added to the system. Hence, the classification accuracy is computed for the
hybrid OCC ensemble by adding progressively new classes each time from 10 to 300 using
parameters found in the design step. Figure 4.4 depicts the classification accuracy versus the
number of classes achieved by the choquet, C-AND and Sugeno operators against best fixed
rules average and product to perform the hybrid OCC ensembles. Roughly speaking, we
clearly can notice that the most combiners achieve similar classification accuracy for few
classes. However, when adding progressively new classes, the used combination methods
behave differently for more complicated problem. When comparing the set of aggregators, the
Choquet is the most stable and widely better than the fixed combiners since they keep the
same classification accuracy while adding new classes. Indeed, the gap between the best and
the worst aggregators increases progressively when extending the hybrid OCC ensemble for
more complex problem via adding new classes. Consequently, the Choquet operator provides
the best performance and are the least affected when adding new classes. Conversely,
surprising results are achieved by Sugeno FI, which is highly affected by the number of

classes and shows its inappropriate use for combining hybrid OCC ensembles.
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Figure 4.4: Stability study of combination rules for hybrid one-class ensembles performed on three
OCCs: (a) PCA (b) Kmeans (c) INN.

4.3.6. Discussions

Handwritten Arabic word recognition finds its interesting use in different real world
applications. HMM, SVM and neural networks are the most used classifiers for Arabic word
recognition, however, these classifiers provide an Arabic word recognition system with closed
lexicon. Nowadays, extended multi-class implementation to new classes is strongly required,

for instance, in Arabic word recognition and handwritten writer identification. Indeed, the use
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of OCCs for solving the multi-class classification problem has been discussed by many
researchers due to its offered properties. This type of classifier attempts to model each class
separately from the others that allows designing an open multi-class system. This property is
highly desirable for the actual systems since it is possible to add new classes without re-
training the classification system again on the whole classes. However, using individual OCC
does not allow designing a robust classification system. Therefore, the design of hybrid OCC
ensemble is required in order to achieve the best possible classification performance and
robustness as well as keeping the properties of OCC. Thus, this chapter discusses the
appropriate use of the FI for best designing of the open-lexicon handwritten Arabic word
recognition system. Indeed, various works reported that FI provides excellent results for
classifier aggregating. However, when adapting FI for the hybrid OCC ensemble, a problem is
faced which is the generation of the density measure. Indeed, it is usually estimated using the
training datasets. However, this estimation is considered not representative and leads to
require new validation dataset to get a better evaluation of each information source.
Furthermore, all testing samples are represented by the same density values, which make this
approach less efficient since each test sample has its suitable density measure. Therefore,
more contribution should be provided in respect to the more appropriate information source
and each test sample. To overcome this drawback, a dynamic density measure is proposed
having the ability to attribute the appropriate values to each information source as well as its

adaptation for each test pattern.

In order to design a parameter independent system, a new framework is proposed that relies
on using a separated datasets for tuning parameters and the selection of optimal parameter
values. This is an efficient property since, once the parameters are found, they are considered

to be the same for all existing classes and also for the new ones.

In this step, we have seen the effect of all parameters including descriptor, classifier, density
measure and OWA operators. From the set of parameters, we notably mention the impact of
the calibration parameter used in the density measure to enhance the combination
performance. It can be also noticed that the calibration parameter is more suitable for the
Choquet and C-AND operators. From the obtained results we clearly notice the achieved
improvement by the use of the FI combination scheme based on Choquet operators against the

other operators and fixed rules. This superiority can be verified in terms of the classification

.
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accuracy and p-values. More precisely, the Choquet FI shows its stability to maintain the
classification accuracy roughly stable when adding new words to the lexicon against the other
combination rules. However, it is difficult to compare the proposed system against the state-
of-the-art systems, due to the fact that we offer an additional advantage. Finally we conclude
that, in addition to the open-lexicon propriety in the presented system, the obtained results are

promising.

4.4. Conclusion

By this chapter we aimed to study the usefulness of the hybrid OCC ensembles to perform
open-lexicon handwritten Arabic word recognition. Moreover, due to the fact that fixed rules
are the standard used combiners for the hybrid OCC ensemble, the proposed work attempted
to study the potential of FI operators via proposing a combination scheme for combining

ensemble of OCCs designed by different feature generation methods.

Experimental results are conducted on different types of OCC and Arabic handwritten word
datasets having high number of classes. Obtained results prove the superiority of FI against
fixed combiners those represent our base of comparison, whatever the selected type of OCC.
Furthermore, the Choquet operator seems to be the most suitable and powerful among FI
aggregators. Thus, this study suggests keeping fuzzy integral operators as a way for achieving
robust hybrid OCC ensembles for performing open-lexicon handwritten Arabic word

recognition.

According to the obtained results, in the continuation of this chapter we will focus on
performing the best hybrid OCC ensemble based on PCA classifier and Choquet FI, for writer

identification application based on handwritten signature.

.



Chapter 5

Hybrid One-class PCA Ensembles and Curvelet
Transform for an Efficient Open Offline

Handwritten Signature Identification System

Abstract

In this chapter, an Open Handwritten Signature Identification System
(OHSIS) is proposed by using conjointly the Curvelet Transform (CT) and
the One-Class classifier based on Principal Component Analysis (OC-
PCA). CT is explored for feature generation due to its efficient
characterization of curves contained into the local orientations within the
signature image. While, OC-PCA is used for its effectiveness to absorb
the high feature size generated by the CT and allows achieving at the
same time an open system. Then, in order to improve the robustness of the
OHSIS when few reference signatures are available, a combination based
on Choquet fuzzy integral is explored to combine multiple individual
OHSISs. Furthermore, a designing protocol with limited number of
writers and reference signatures is proposed to perform a parameter-
independent OHSIS. Experimental results conducted on standard CEDAR
and GPDS handwritten signature datasets report 97.99% and 94.96%

correct identification rate, respectively, which highlights the effectiveness

of the proposed OHSIS since it can comfortably outperform the state-of-

the-art when using few reference signatures.

5.1. Introduction

Biometric recognition is nowadays considered as an active research field due to its effective
use in law enforcement, forensic sciences as well as its increasing requirement in wide variety

of civilian applications for enhanced security and privacy (Jain et al., 2004). Biometric

s
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recognition is defined as an automatic identification and verification of persons. Therefore,
various biometric modalities have been explored in the last couple of decades (Vielhauer and
Dittmann, 2006; Boyer et al., 2007), which are based on physiological and behavioral
characteristics. Physiological characteristics are related to anatomical properties of a person
including for instance face, fingerprint, iris and hand geometry. In contrast, behavioral
characteristics illustrate skilled action performed by a person such as the voice, handwritten

signature and gait.

Handwritten signature is considered as the oldest and the most widely accepted biometric tool
for person identification and verification. Signature identification aims to find the writer's
identity within database among the set of writers. In this case, the questioned signature
(Pavlidis et al., 1998) is compared to all writer models contained in the database. In contrast,
the purpose of the signature verification system is to decide whether a questioned signature
truly belongs to a person or not. In this case, this signature is only compared with the writers'
model. Hence, the state-of-art reveals great efforts for proposing various algorithms in order
to achieve efficient signature verification (Srihari et al., 2004; Bertolini et al., 2010; Kumar et
al., 2012; Elrajubi and El-Feghi, 2015). However, signature identification has received less
attention, despite its interesting in practical application areas. For instance, companies
validate the identity of each individual for accessing to certain security-sensitive facilities
(Martinez and Sanchez, 2006). Another interesting use of signature identification is in law-
enforcement applications, where the identification of perpetrators is a fundamental
requirement of the solution, in the analysis of some historical documents and automatic bank

check processing (Ismail and Gad, 2000).

Handwritten signature identification can be performed using two acquisition modes: the
online mode and the offline mode. The design of the handwritten signature identification
systems based on the offline mode is more difficult comparatively to the online mode since
many desirable characteristics such as the velocity and the pressure are not available during
the acquisition. The identification system depends only on the feature selected from the

signature shape (Pirlo, 1994).

So far, the identification systems provide satisfactory results when the number of reference

signatures per writer is large (Pavlidis et al., 1998; Bertolini et al., 2010; Martinez and

.
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Sanchez, 2006; Ismail and Gad, 2000 Han and Sethi, 1996; Riba et al., 2000; Kalera et al.,
2004). However, when the number of reference signatures is small, the writer identification
still awaits proper attention to get more improvements in terms of accuracy and robustness.
Indeed, in a real environment, each writer will be willing to provide a limited number of
original signatures. In this case, the system should be carefully designed using only few
reference signatures to get a relevant identification. Moreover, the identification system
should be flexible as much as possible to be extended for new writers without neither
retraining nor recalculating the optimal parameters. Thus, the present work aims to develop an
efficient Open Handwritten Identification System (OHSIS) via contributing various stages,
which are feature generation, classification and combination of multiple OHSIS. For feature
generation, the Curvelet Transform (CT) (Candés and Donoho, 1999) is investigated for its
effective use in variety of applications in pattern recognition and image compression (Feng et
al., 2011; Li et al., 2009). Besides, CT has been successfully used for offline handwritten
signature verification. In addition, to allow an open identification which deals with
prospective new writers, the classification is generally performed through the use of distance
classifier or matching process (Han and Sethi, 1996; Riba et al., 2000). Indeed, robust
classifiers such as Bi-SVM and MLP achieve closed systems, that are able to identify only the
writers contributing in the enrollement stage (Martinez and Sanchez, 2006). In other words,
when a new writer is added to the system, all the classifier should be retrained again on the

whole data. Consequently, a such system is difficult to deploy for instance in the bank.

Recently, One Class Classifier (OCC) has attracted much attention to many researchers for
solving the multi-class classification problem (Cyganek, 2000; Goh et al., 2005; Ban and Abe,
2006; Rabaoui et al., 2008 ; Yeh et al., 2009; Boehm et al., 2011), owing to its offered
advantages against the usual implementations based on binary or multi-class classifiers.
Indeed, when a new writer is added to the HSIS, the used OCCs do not require retraining for a
second time. Besides, the OCC offers less computational cost in terms of training time and
memory space against some multi-class implementations (Hsu et al., 2002) such as OAO and
OAA based on Bi-SVM classifiers (Yeh et al., 2009). Presently, this work tries to investigate
the applicability of the OCC for signature identification. More precisely, this chapter
proposes to investigate the use of OC-PCA from various available types of OCCs (Tax, 2001)

.
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for its ability to absorb the high size of the feature vector generated by the CT and allows

generating a well representative model for each writer (Hadjadji et al., 2017b).

Furthermore, in a real environment, a user will be willing to provide a few signatures, which
can highly affect the performance of the OHSIS. Hence, in order to achieve more efficient
OHSIS, a combination of multiple OHSIS is proposed by means of a new density estimation
associated to the well-known Choquet FI. Usually, when extending the OHSIS for new
writers, parameters are required to be found for the added ones. To overcome this drawback,

this work proposes an alternative protocol to design a parameter-independent OHSIS.

The remaining of this chapter is organized as follows. Section 2 presents an overview of the
two tools used for designing the OHSIS, which are based on CT and the OC-PCA classifier.
Section 3 describes in details the proposed individual and combined OHSIS. In order to
evaluate the effective use of the proposed approach, experimental results conducted on the
well known datasets are presented in section 4. Finally, the conclusion and future work are

provided in the last section.

5.2. Related works

Generally, the offline handwritten identification system is composed of two main modules:
feature generation and classification. Thus, many attempts have been done for improving the
offline handwritten identification system by addressing the feature extraction and matching
stages. For the feature extraction, one of the oldest identification system was proposed by
(Han and Sethi, 1996), in which a set of geometrical and topological features are considered
to map a signature image into two strings of finite symbols. The geometric features include
horizontal bars, vertical bars and loops extracted from the skeleton image of the signature
using the 4-connected component labeling algorithm. The horizontal and vertical bars are
extracted from the binary image of the signature using the morphological hit-or-miss
operation. The set of topologic features consists of end points, branch points, crossing points,
convex points and concave points. Furthermore, (Pavlidis et al., 1998) proposed the use of a
revolving active deformable model for capturing the unique characteristics of the overall
signature structure. In addition, a polygonal approximation algorithm is applied to smooth
excessive information gathered at certain signature parts (e.g., like small fluctuations of

almost straight lines, which might be of some value for verification purposes, but are rather

.
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harmful for identification purposes). In another work, (Ismail and Gad 2000) followed this
successful path to improve the handwritten signature identification by introducing a suitable
combination of distinctive and effective global features (e.g. width and the baseline) and local
features (e.g. critical points and gradients). In another attempt, (Riba et al., 2000) proposed a
feature generation method based on different types of moments, and then a canonical variable
analysis is carried out in order to reduce the number of features. In related work, (Kalera et
al., 2004) proposed a novel approach for offline handwritten signature verification and
identification based on a quasi-multiresolution technique using a combination of gradient,
structural and concavity features. Recently, (Martinez et al., 2007) addressed the problem of
offline handwritten signature identification via using a feature vector constructed from global
geometric and moment-based characteristics. A mechanism to capture the intrapersonal
variability of each user using just one original signature has been presented. More recently,
(Sulong et al., 2014) proposed the use of the adaptive window positioning technique as an
efficient feature extraction for offline handwritten signature identification. The proposed
technique mainly, employ the division of signature images into 13x13 windows, where this
size should be large enough to contain ample information about the style of the author and
small enough to ensure a good identification performance. In addition, this technique creates
some new cluster patterns for each window when classified into groups of similar attributes.
Experimental results reveal that adaptive window positioning technique proved to be the
efficient and reliable method for accurate signature feature extraction for the identification of

offline handwritten signatures.

For the classification stage, various matching algorithms have been proposed. For instance,
(Han and Sethi, 1996), used a 2D string for matching two signatures in order to take into
account the 2-dimensional spatial relationships of the different features contained in a
signature. The Longest Common Subsequence (LCS) matching criterion is used as a
measurement of similarity between the questioned signature and a reference one, for the
retrieval and identification. The reference signature yielding the longest LCS is considered as
the most similar to the questioned one. Furthermore, (Pavlidis et al., 1998) proposed a novel
Synchronized String Matcher (SSM) algorithm in order to match accurately the questioned
and reference signatures, which is inspired from the error recovery techniques in compiler

design. Basically, the SSM algorithm tries to resynchronize the matching process between the

.
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reference signature string and the questioned signature string. In another work, (Ismail and
Gad, 2000) developed a multistage classifier to perform the recognition step in three stages.
First, a pre-classification stage is applied to group similar slant signatures. Then, an
identification scheme is proposed to discriminate between individuals within a group. In the
second stage, distances between the global feature vector of the input questioned sample and
the mean of each class in the group are computed and compared sequentially in order to select
the best three candidates. Finally, in the third stage, local center points are used to whether
select the best candidate or to reject the questioned signature based on a threshold value of
each candidate class. In a similar work, (Riba et al., 2000) addressed the classification stage
through a comparison of several statistical methods. The obtained results show that the linear
discriminant analysis performs better in terms of accuracy and computational cost than other
classifiers, such as principal components regression, partial least square, quadratic
discriminant analysis, k-Nearest Neighbor (k-NN), fuzzy logic and two neural networks
methods including backpropagation and the radial basis model. Thereafter, (Kalera et al.,
2004) demonstrated the usefulness of statistical measures like the Bayes and k-NN classifier.
Recently, (Martinez et al., 2007) addressed the problem of classification stage by comparing
the performance of the well-known Binary Support Vector Machines (Bi-SVM) and Multi-
Layer Perceptrons (MLP). The experimental results evince the superiority of the Bi-SVM

classifier.

5.3. Design of OHSIS

In order to design an open system, M writers are considered as available for finding the

optimal parameters of the OHSIS.

: |
\\A\iilable/Mm | New writer |
L ————— ”____I

v
Figure 5.1: Design of the overall OHSIS and its extension

for new writers.
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As depicted in figure 5.1, from the available writers, parameters of the OHSIS are adjusted

successively till finding the optimal values using a criterion based on the maximal prediction.

When a new writer is added to the OHSIS, the optimal parameters are assigned for him. Thus,
when using the OCC, the scheme has the advantage to add a new writer directly into the
OHSIS having its own parameters without retraining the overall system as it is required when
using other classifiers such as Bi-SVM or MLP (Martinez et al., 2007). In the following, the
individual as well as the combined OHSIS are described more precisely for writer

identification.

5.3.1. Individual OHSIS

The open identification system as shown in figure 5.2 is composed of three main stages,
which are signature preprocessing, feature generation and classification. In the following,
each stage of the proposed OHSIS is described for writer identification.

5.3.1.1. Preprocessing

Binarization is the main preprocessing of the acquired signature. In this work, the local
iterative threshold is used (Ridler and Calvard, 1978), which is performed recursively for each
sample area found in a square centered on the pixel at 9x9. The mean and the standard
deviation are calculated for each pixel in the sample area. Therefore, these values are used for
deciding if the current pixel takes 0 or 1.

#

OC-PCA;

Writer 1

L= |dentified

Feature
_ OC-PCAy,
Questioned | -

Writer M

Maximum

#..

— —»OC-PCAy +1 — — ==
1 1

__________

\

New writer

Figure 5.2: Individual OHSIS scheme.
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5.3.1.2. Curvelet transform-based feature generation

CT has been developed specifically for representing curves and other singularities along

curves contained into an image using fewer coefficients for a given accuracy of

reconstruction. In the proposed system, CT is used for generating the feature vector from the

signature image via the wrapping technique at different scales and orientations.

The main advantage of the CT is its ability to capture curves into the handwritten signature. In

order to capture more efficiently the local information, CT is performed on a grid over the

signature image. Thus, two different ways are proposed for feature generation by partitioning

the signature image using equi-space and equi-mass grids as it is depicted in figure 5.3. A

uniform or equi-space grid (Favata and Srikantan, 1996) creates rectangular regions for

sampling, where each one has the same size and shape. Conversely, an equi-mass grid creates

different rectangular regions having the same number of black pixels, also known as the mass,

of the word image grid (Favata and Srikantan, 1996). Thereby, each region is found by

partitioning horizontally and vertically the signature image using its mass histogram. Hence,

the total mass between all adjacent regions are as close to be equal as possible.

The proposed feature generation of each signature is then performed through the following

steps:

1. Divide the signature image into several cells via equi-space or equi-mass grid.

2. Normalize each sub-image size to N X N by adding the ones around it, which is the
signature background as it is required for the CT calculation.

3. Perform the wrapping CT for each sub-image leading to generate curvelet coefficients at
multiple scales and orientations.

4. Calculate the energy E at each scale j and orientation k as:

EG, k) = ¢, 2e, |G i (tr, £2)] (5.1)

G 1 defines the curvelet coefficients computed at the scale j and the orientation k.

5. Concatenate all energies computed from the different sub-images to generate the feature

vector.

.
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Figure 5.3: Example of equi-spaced (a) and equi-mass adaptive grid (b) grids with 2x4

5.3.1.3. OC-PCA for OHSIS

Classification is the last step for writer identification, which consists to assign a feature vector
of a questioned signature to one of the writers. Let C = {cy, ..., c);} be a set of M writers each
one has its corresponding reconstruction error f¢4 associated to each OC—PCA,, (m =
1,..,M). After computing the writer model in the training step, a questioned signature is
assigned to its corresponding writer that generates the maximum prediction. The class label

y(x) of the questioned signature x is defined as follows:

M
y(x) = argmax(f"4(x)) (5.2)
m=1

Thus, the identification system is composed of a number of OC-PCA, which is equal to the
number of writers defined in the database. When a questioned signature is presented to
OHSIS, it is assigned to the writer with the best matching between the OC-PCA model with
the signature feature vector.

Note that, it is not needed to define the threshold values for multi-class implementation and

consequently all thresholds are set to zero.

5.3.2. Choquet integral-based multiple OHSIS

The design of an individual OHSIS is effective when a large number of reference signatures is
available. However, in practical applications as in the bank, one OHSIS offers medium
performance when a limited number of signatures is available since, in a real environment, a
user will be willing to provide only 3 to 5 signatures. Therefore, a simple and successful way
to improve the identification scores is to combine multiple OHSIS allowing to take advantage
of each individual OHSIS. Thus, a great effort has been done for proposing various

combination methods and schemes including methods based on fuzzy operators. In this

.
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respect, FI and the associated fuzzy measures initially introduced by Sugeno are reported to
give excellent results for classifier aggregating. Its main advantage is to measure the strength
not separately for each classifier alone but for all members. The ability of the fuzzy integral to
enhance the results produced by multiple information sources has been highlighted in various
application areas of pattern recognition (Kwak and Pedrycz, 2005; Chiang and Gaber, 1997,
Pham and Wagner, 2000; Chiang, 1999; Cho and Kim, 1995; Cho, 1995). Thus, the
contribution of the Choquet Fuzzy Integral (C-FI) is investigated in order to achieve a robust
signature identification system. The mathematical foundation and the application of C-FI are
detailed in the next sections.

The combined OHSIS as it is depicted in figure 5.4 is composed of M writers and 2 different
information sources generated by means of the CT. Consequently, two different classifier
models are generated for each writer using the OC-PCA.

Several combination rules are possible to achieve the aggregation, but all these rules need a
unique interpretation of the outputs generated by the different classifiers for each questioned
signature x. Hence, the normalization of outputs for each classifier is required to perform
correctly the combination. Let M be the set of single OCC ensembles and f! the
reconstruction error of the OC-PCAL, trained on the it" information source of the mt" writer.
Hence, an exponential function is used for transforming the OC-PCA output £} ranging from
the interval ] —,0] into posteriori probability P;(c,,/x) ranged in the interval ]0, 1]

expressed as follows:

Pi(en /%) = exp ( () (5.3)
The evidence is then expressed as the posteriori probability taking the following form:

hn (z;) = P (¢ /%) (5.4)

As already introduced, the successful key of FI strongly depends on the appropriate choice of
the density measure. Consequently, if density measures are well defined then the fuzzy
measures can be correctly identified, which makes it suitable for the operation of the fuzzy

integral.

.
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Figure 5.4: Combined OHSIS scheme based on Choquet fuzzy integral.

Thus, in this chapter we will explore the already proposed technique, in which the density
measure is considered as the similarity degree or correspondence between the writer model
and that of the questioned signature, i.e. the closer the similarity is, the greater the value of the
density measure is. Precisely, the density measure is defined dynamically for each questioned
signature as:

in () = exp (=81£ ) — £ || (5.6)

Such that, 0 < gl (x) <1land 0 < 4§ < 1.

fL is obtained by averaging outputs £} using the training signatures. & is a positive value
that has been introduced for calibrating the density till finding the most suitable value for
representing the contribution of each classifier and information source. In addition, the &
parameter helps to match the density with normalized outputs allowing a better calibration

and therefore more improvement of the accuracy.

Identified
Writer
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After getting the densities, the fuzzy measures, g,,(4;) for1<i<Land 1 <m <M, are

calculated by applying Egs. 1.24 and 1.25.

Let Ic,, as the Choquet aggregation produced from the posteriori probabilities of the different
information sources and their corresponding fuzzy measures defined for each writer, then the

questioned signature x is assigned to the writer class with the maximal value as follows:

M
y(x) = argmax (Ic,, (x)) (5.7)
m=1
Thus, the OHSIS is composed of a number of OC-PCA ensembles each one is aggregated by
the Choquet FI, which is equal to the number of writers defined in the database. When a
questioned signature is presented to OHSIS, it is assigned to the writer best matching the OC-

PCA ensemble model with the signature feature vector.
5.4. Experimental results

5.4.1. Datasets and evaluation criteria

Two publicly available offline signature datasets are used for evaluating the performance of
the proposed OHSIS. The first one is the well known “Grupo de Procesado Digital de
Senales” (GPDS) signature dataset (Vargas et al., 2007) containing 300 writers each one has
24 genuine and 30 forgery signatures, respectively. While the second one is the CEDAR
signature dataset containing 55 writers (Kalera et al., 2004), each one has 24 genuine and 24
forgery signatures. Figure 5.5 shows two different genuine signatures for two different
writers. For evaluating the performance of OHSIS, only genuine signatures are taken into
consideration to calculate the Identification Rate (IR) expressed in %, which is defined as the
number of instances correctly identified to the total number of instances formally formulated

as:

Number of correct identification for all writers
IR =100 X (%) (5.8)

Total number of test signatures for all writers

During the evaluation, GPDS dataset is used for designing and evaluating the OHSIS, while
CEDAR dataset is used only for testing the OHSIS designed from GPDS dataset.

In this work, since only the handwritten signature identification problem is addressed,
therefore there is no need to use the forged signatures. In addition, all questioned signatures

belonging to the writers are assumed in the database and there is no need to reject anyone.

s
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Figure 5.5: Handwritten signature samples from GPDS (a) and CEDAR datasets (b)

5.4.2. Experimental setup

The proposed OHSIS is developed through design and identification steps. During the design
step, a sub-set of writers is selected from the whole dataset for finding the optimal parameters
of the feature vectors and OC-PCA classifiers. During the identification step, the OHSIS
involves testing with the remaining writers having the same parameters found during the

design step.

Generally, 10-fold cross validation is the most used protocol for evaluating the pattern
recognition system (Kohavi, 1995). However, for applications such as handwritten signature
identification, a limited number of signatures is available for training purposes. Indeed, this
characteristic is very important and should be taken into consideration for designing a
practical OHSIS, since, in a real environment, a user will be willing to provide a limited
number of original signatures (Martinez and Sanchez, 2006). Hence, during the design step,
some signature samples per writer are randomly selected in order to train the OC-PCA
classifier. Usually, three to five reference signature specimens are required for enrolling the
writer to the HSIS. For a strict requirement, only two reference signatures are used for
designing the OHSIS.

Hence, for designing parameter-independent OHSIS, the GPDS dataset is divided into two
sub-sets, one is used for designing the OHSIS and the remaining is used for evaluating its
robustness. In this context, only 10 writers are assumed available initially for training OC-
PCA classifiers, each one is trained using only 2 signatures. The 22 remaining signatures per

writer are used for finding the best parameters of the grid size for generating features and the

.
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number of eigenvectors for the OC-PCA. Thus, signatures of 10 randomly selected writers are
used for finding the suitable parameters to best design the OHSIS. When a new writer is
presented to the system, the same parameters are used. In this case, simply provide some

reference signatures for its design without recalculating the parameters.

As reported previously, two different ways are proposed for feature generation, which are
equi-space and equi-mass. Both methods are highly affected while adjusting the grid size by
changing the numbers of rows (Nr) and columns (Nc), respectively. Thus, both numbers are
experimentally fixed. Specifically, 2 signatures per writer are used for training and 22
remaining signatures are used for testing in order to find the best grid size. Meanwhile, the
OC-PCA classifier parameter should also be carefully tuned. This classifier needs only one

parameter that must be specified, which is the number of eigenvectors.

IR expressed in % for the equi-space and equi-mass partitions with various grid sizes obtained
with the best classifier parameters are reported in the tables 5.1 and 5.2, respectively.

The obtained results clearly reflect the effect of partitioning the image signature into different
partitions for a better handwritten signature characterization. Consequently, adjusting the grid
size is important since it influences the identification accuracy. For instance, the IR varies
from 84.09% to 93.18% and 87.27% to 96.36 when varying the equi-space and equi-mass grid
sizes, respectively. Besides, these results justify the use of the grid size parameter and its
careful tune for achieving an efficient OHSIS. As can be seen, the optimal grid size
parameters are 2 x 7 for both partition methods. These selected parameters lead to generate a
feature vector having 672 components for both feature generation methods. In addition, the
single parameter of OC-PCA is adjusted to 15 eigenvectors for achieving the best IR.

Table 5.1: IR (%) of OHSIS design using 10 writers with various equi-spaced grid sizes. Nr\Nc
define the numbers of row and column for the used grids, respectively.

Nr\Nc 2 3 4 5 6 7 8

1 84.09 85.00 8545 86.36 87.73 87.73 89.09
2 90.00 90.91 9181 91.81 92.27 93.18 92.72

3 9045 9136 9136 92.72 9318 9272 92.72

.
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Table 5.2: IR (%) of OHSIS design using 10 writers with various equi-mass grid sizes. Nr\Nc define
the numbers of row and column for the used grids, respectively.

Nr\Nc 2 3 4 5 6 7 8

1 87.27 88.63 9090 91.36 9227 93.18 93.18
2 93.18 94.09 9181 9454 9545 96.36 94.09

3 94.09 9454 9454 9590 96.36 96.36 95.45

5.4.3. OC-PCA versus Bi-SVM for handwritten signature identification

This test aims to evaluate the performance of OC-PCA against Bi-SVM classifier for
achieving the identification system. For a fair comparison, the design step for Bi-SVM is
performed to find its parameters (C,y) using the same grid size as used when performing the
OC-PCA. Therefore, both classifiers are examined under the same experimental protocol
using 2 reference signatures per writer. In addition, the OAA implementation is used in order
to achieve multi-class implementation based on Bi-SVM classifier (Martinez and Sanchez,
2006).

The evaluation of the individual system is performed by adding progressively writers using
the same parameters as found during the design step. Hence, the IR is calculated at each time
when adding progressively new writers from 10 to 300. Figures 5.6 and 5.7 report the IR for
the OC-PCA versus Bi-SVM using Equi-Spaced (ES) and Equi-Mass (EM) partitions,
respectively.

It can be clearly observed that when adding progressively new writers, there is natural gradual
decrease in the IR notably after 100 writers. This behavior is due to the fact that the
identification problem becomes more complex when the number of writers is large and it
becomes more difficult to separate between writers having similar shapes of signatures.
Moreover, the OC-PCA achieving the best IR is also the most stable and exhibits the least
variation in IR when increasing the number of writers. Furthermore, when comparing the OC-
PCA versus Bi-SVM results, the OC-PCA achieves better IR against the Bi-SVM classifier

for both feature generation methods.

.
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Figure 5.6: Writer IR (%) of individual ES system using OC-PCA and Bi-SVM trained with 2
reference signatures per writer.
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Figure 5.7: Writer IR (%) of individual EM system using OC-PCA and Bi-SVM trained with 2
reference signatures per writer.

Besides, another evaluation criterion that justifies the use of the OC-PCA rather than Bi-SVM
is the training time. Thus, figure 5.8 depicts the time reduced ratio performed by the OC-PCA
against Bi-SVM classifier versus the number of writers included progressively to the
identification system. It is easy to observe the high computational cost reduced by OC-PCA
against the Bi-SVM, especially for a large number of writers. Consequently, more the number
of writers is increased, more the time reduced ratio is important.
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Figure 5.8: Training time reduced ratio by the OC-PCA against Bi-SVM classifier.

Finally, the proposed OC-PCA is more efficient than the Bi-SVM in terms of the IR and
training time. Moreover, the use of OC-PCA offers faster and easier extension than the Bi-
SVM classifier.

5.4.4. Evaluation of OHSIS combination

In order to improve the accuracy and the robustness of the identification system, individual
OHSIS based on ES and EM based descriptors are combined using the Choquet fuzzy
integral. However, this combination performs well if individual systems are complementary.
Thus, a diversity measure of the individual systems is useful for evaluating their
complementarities and therefore to check their abilities to achieve an improved system. The
following sections highlight a way for measuring the diversity of two systems as well as the

design and evaluation of their combination.

5.4.4.1. Diversity measure

To achieve an useful combination of individual systems, the complementary performance is
exploited in order to enhance the IR. Otherwise, the overall decision will not be better than
the individual ones. Thus, the difference between two complementary systems or methods is
assessed through a measure called diversity. Most used pairwise diversity methods are the Q-
statistic, correlation, disagreement and double fault. More details of these methods can be
found in (Shipp and Kuncheva, 2002). Two systems can be considered diverse when Q-
Statistic and correlation are reduced while disagreement and double fault are increased. Table

5.3 reports the diversity measures calculated between ES and EM based-OHSIS systems.
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Table 5.3: Diversity measures between ES and EM based-OHSIS systems.

Diversity measure Number of reference signatures

method ) 3 2 5
Q-statistic 0.7855 0.8352 0.8411 0.8847
Correlation 0.0011 0.0016 0.0019 0.0026
Disagreement 0.2033 0.1568 0.1312 0.1049
Double fault 0.0980 0.0657 0.0487 0.0428

For all diversity methods, the obtained results indicate that the ES and EM based-OHSIS
systems are more diverse for a small number of reference signatures. This fact is highlighted
by the obtained diversity scores, where Q-statistic and correlation provide the least values and
the disagreement while double fault provide the highest values for 2 reference signatures. In
this case, the combination is more suitable for small number of reference signatures.
Considering these results, the following section reports the design of the combined individual
OHSIS by means of the Choquet fuzzy integral for a possible improvement of the writer

identification.

5.4.4.2. Choquet fuzzy integral design for OHSIS

The combination performed by means of the Choquet FI operator requires tuning the &
parameter defined in the fuzzy densities (Eq. 5.6). To deal with that, 10 writers (2 signatures
for training and 22 for finding the best parameters) selected for designing the individual
OHSIS are also used for finding the most suitable § parameter value. Figure 7 depicts the IR
of the combined OHSIS with various values of the calibration parameter § ranging from 0.05
to 1 with a step of 0.05. It can be clearly noticed that the performance of the combined OHSIS
is highly affected by the & parameter since the IR varies from 93.18% to 97.72% when
varying this parameter between [0.05, 1]. This effect justifies its introduction to the proposed

density measure function.

As it is depicted in figure 5.9, the optimal calibration parameter value is fixed to §,,, = 0.15
to achieve the best IR for the combined OHSIS and all writers during the design step. This

value will be also kept during the evaluation step when adding new writers.

.
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Figure 5.9: Effect of tuning the calibration parameter 6.

5.4.4.3. Combined OHSIS results and analysis

For a fair comparison of the proposed combination based on Choquet FI against other
combination rules, obtained results are compared against the most used fixed rules as the
Mean and Product combination rules (Kuncheva, 2004). Figure 5.10 reports the IR of the
individual and combined OHSIS when writers are added progressively to the system. As can
be seen, the Mean and Product combination rules achieve roughly similar results to the
OHSIS based on EM descriptor. Therefore, these rules cannot take advantage of the
additional information provided by the ES for OHSIS. In contrast, the results achieved by the
Choquet FI show an important improvement of the IR along the 300 used writers. Moreover,
the Choquet FI is the most stable combination rule when adding new writers. Indeed, Choquet
FI provides the smallest IR difference when extending the system from 10 to 300 writers,

which reveals more robust when extending the system for new writers.

For a thorough analysis, the OHSIS is evaluated with different numbers of reference
signatures as reported in table 5.4. The Choquet FI clearly outperforms the Mean, Product and
best individual OHSISs for the different number of reference signatures. More precisely, the
IR is enhanced when using 2 reference signatures than 5 ones. Indeed, the achieved
improvement is 4% and 2% when using 2 and 5 reference signatures, respectively. Thus,
previous finding in table 5.3 confirms that the IR is improved when the diversity is more
important. Consequently, the combination of different OHSIS is more suitable for small

number of reference signatures.

-
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Figure 5.10: IR of individual and combined OHSIS for progressively increased number of writers
trained with 2 reference signatures per writer.

Table 5.4: Writer IR (%) of individual and combined OHSIS for various reference signature numbers
performed on GPDS dataset.

Number of reference signatures

OHSIS
2 3 4 5
ES 75.43 81.63 85.65 88.19
EM 84.62 89.53 91.50 92.75
Mean 85.13 89.66 92.11 93.45
Product 84.65 89.28 91.91 93.26
Choquet FI 88.01 91.88 93.83 94.96

To prove again the effective use of the Choquet FI combination against the Mean and Product
combination rules, the McNemar’s test (Dietterich, 1998) is used for comparing statistically
two systems. More precisely, a contingency table is constructed in order to calculate the p-
value (Dietterich, 1998). It can provide whether one system is significantly better than another
according to the p-value. More the p-value is smaller, more the difference of accuracy is

likely to be more significant. However, when the p-value exceeds 0.05, then the hypothesis is
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considered as null. In this case, both systems perform closely and the difference is too small
to decide the superiority of one system than the other. Table 5.5 reports the p-value of the
Choquet FI against the Mean and Product combination rules for various numbers of reference

signatures.

The obtained results show that the p-values are very small than 0.05 and therefore the
proposed Choquet FI is significantly better than other combination rules. Besides, the

improvement is more significant when the number of reference signatures is small.

The success of Choquet FI is due to its ability to capture interactions among the OCCs and
attribute the right importance for individual OHSIS. Moreover, the proposed method for fuzzy
measure, which is associated with FI provides a dynamic measure allowing to give more
importance to the relevant system relatively to the others for each test signature.

Table 5.5: The p-values of McNemar’s test for Choquet FI versus Mean and Product combination
rules.

Number of reference signatures

Choquet versus
2 3 4 5
Mean <1071 1891071 12310°11 1.8310°10
Product <1071 <1071 2531071 4.8110°12

5.4.5. Evaluation on blind dataset

In order to show the behavior of the parameter-independent OHSIS performed on another
dataset, CEDAR is used as a blind dataset in which the optimal parameters are the same as
found when designing the OHSIS with GPDS. In other words, the CEDAR dataset is assumed

as an extension for the GPDS dataset and therefore the same parameters are used.

Table 5.6 reports the IR obtained when testing on CEDAR dataset containing 55 writers and
different number of reference signatures. It can be easily concluded that Choquet FI
outperforms the other systems based on the Mean, Product and best individual OHSISs for
various numbers of reference signatures and, therefore, confirms the results when the
proposed OHSIS combination system is performed on GPDS dataset. Besides, the IR is more

enhanced when using 2 reference signatures than 5 ones.

.
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Also, these results exhibit the effectiveness of the designing protocol that has been proposed
to find the optimal parameters. Indeed, the parameters found when designing GPDS dataset
have been successfully used for CEDAR dataset and results are highly enhanced.

Table 5 6: Writer IR (%) of individual and combined OHSIS for various numbers of the reference
signatures performed on CEDAR dataset.

Number of reference signatures

OHSIS
2 3 4 5
ES 84.04 87.87 91.36 92.05
EM 94.38 96.01 97.00 97.51
Mean 89.66 92.55 94.63 95.02
Prod 88.76 91.94 94.27 95.02
Choquet FI 95.45 97.22 97.63 97.99

5.4.6. Comparative analysis

In order to compare against the existing identification methods, few works have been found in
the literature and most of them have used private datasets. Thus, the comparison of the
proposed OHSIS against the state-of-the-art systems is not trivial. For instance, the evaluation
of the Bi-SVM against MLP has been performed on a private dataset [9]. So far, no evaluation
has been reported in the literature for GPDS dataset for the identification problem. Regarding
the CEDAR dataset, only one work has been reported in literature (Kalera et al., 2004). Thus,
for a fair comparison, the (Martinez et al., 2006) approach has been replicated in this work for
testing on GPDS and CEDAR datasets. In addition, the comparison of the proposed
parameter-independent OHSIS is performed against the Bi-SVM used by Martinez et al.,
(2006), where better results have been obtained than the MLP classifier on private dataset
containing 38 writers. Table 5.7 reports the IR (%) achieved by the proposed individual and

combined systems against other systems, when using GPDS dataset.

As it can be clearly viewed from the reported results in table 5.7, the proposed parameter-
independent OHSIS highly outperforms approach (Martinez et al., 2006) for both CEDAR
and GPDS datasets as well as for private dataset. Also for CEDAR dataset, the proposed

.
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system outperforms the found results reported in (Kalera et al., 2004). Indeed, the obtained IR
is 93.33% using 16 reference signatures for training, and the proposed system achieves
95.45% using only 2 reference signatures. Furthermore, when examining carefully the
obtained results, two observations can be deduced. First, the feature generation based on the
CT is more efficient than the Bitmap using the same Bi-SVM classifier. The inefficiency of
Martinez et al. approach is related to the used feature vector, which does not capture more
precisely the local information contained into a signature. Indeed, the resize of each image
into a fixed size 24 x 48 will cause a degradation of the signature shape. Second, the OC-
PCA outperforms clearly the Bi-SVM classifier for both feature generation methods
specifically for few reference signatures. Moreover, the proposed system based on OC-PCA
requires less computational cost and can be easily deployed than the Bi-SVM since the
OHSIS is able to be extended to new writers without retraining the overall system. This
advantage highlights the OC-PCA as more suitable classifier to the offline handwritten

signature identification problem.

Comparatively to the state-of-art, the main findings of this work are two folds. First, the CT
generates an efficient feature vector for offline handwritten signature characterization.
Moreover, the PCA offers an open system and absorb the high feature vector size of CT to
generate a good representative model, which performs Bi-SVM classifier in terms of
identification rate and training computational cost. In addition, a combination scheme based
on Fl is presented, which offers improved results with a small number of reference signatures.
Finally, the proposed designing protocol based on a limited number of writers and reference
signatures shows its effectiveness to find the optimal parameters, which have been used to

extend new writers on GPDS dataset and also on CEDAR as blind dataset.

.
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Table 5.7: IR (%) achieved by the proposed OHSIS comparatively to other state-of-the-art systems.
ES, EM, CT and FI are the acronyms of Equi-Space, Equi-Mass, Curvelet Transform and Fuzzy
Integral, respectively.

Reference Dataset #Writers Features Classifier  #Signatures IR (%)
Martinez et al., Private 38 Bitmap Bi-SVM 1 71.20
2006
MLP 1 46.80
Martinez et al., GPDS 300 Bitmap Bi-SVM 5 46.31
2006
Proposed | ES-CT Bi-SVM 2 74.95
OC-PCA 2 75.43
Proposed 11 EM-CT Bi-SVM 2 83.86
OC-PCA 2 84.62
Proposed ES-CT and EM-CT OC-PCA- 5 94.96
combined Fl
4 93.83
3 91.88
2 88.01
Martinez et al., CEDA 55 Bitmap Bi-SVM 5 62.20
2006 R
Kalera et al., 2004 Quiasi- K-NN 16 93.33
multiresolution
Proposed ES-CT and EM-CT OC-PCA- 5 97.99
combined FI
4 97.63
3 97.22

2 95.45
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5.5. Conclusion

In this chapter we have explored the hybrid OCC ensemble for the signature identification
application. Thus, we have proposed a new efficient OHSIS using conjointly the curvelet
transform, the OC-PCA classifiers and the Choquet fuzzy integral as a combiner for
improving the writer identification specifically when the number of reference signatures is
small. The main advantage of the proposed system is the ability of the curvelet transform to
capture the local features contained into the signature image in order to differentiate between
writers. In order to achieve an open system, new writers can be added to an existing system
without training everything anew. The OC-PCA is selected to solve the identification problem
since it has the advantage to absorb the high feature size and allows generating a robust
representative model for each writer based on few reference signatures. Furthermore, a
combination scheme based on Choquet FI of different individual HSISs is proposed by means
of a new dynamic density measure for each questioned signature. Besides, an alternative

protocol is proposed to design a parameter-independent open HSIS.

The experiments conducted on the well-known GPDS and CEDAR datasets show that the
proposed OHSIS is able to cope with a restricted number of writers and reference signatures
to design an efficient and parameter-independent OHSIS. More specifically, the OC-PCA
showed very competitive results against the well know Bi-SVM classifier. Indeed, with few
reference signatures, it is easy to fine-tune each writer separately by using OC-PCA instead
separating only one writer from the remaining ones when using Bi-SVM. Furthermore, the
combined system offers a better improvement and stability for extending new writers. In
addition, with very strict design conditions, the obtained results outperform the state-of-the-
art systems and confirm the validity of the proposed OHSIS, which offers a practical solution
for the fundamental problem of the handwritten signature identification with a limited number

of reference signatures.

For the continuation of this chapter, a new combination architecture is presented based on the
hybrid OCC ensembles for the text-independent writer identification, which is more complex

and interesting application.
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Chapter 6

Two Stage Combination of OCC ensembles for
Writer ldentification of offline Handwritten

Fragments

Abstract
Writer identification based on handwritten fragments has been reported
to give interesting performance. However, while the fragmentation
process, inconsistent fragments are generated and affect badly the
identification accuracy. Hence, in this chapter, a clustered-based One-
Class Classifier (OCC) is proposed in order to generate more robust
classification model than the distance-based classifier for handwritten
fragments. Besides, the problem of inconsistent fragments expands its
effect to the test step. Thus, a Dynamic Fragment Weighting Combination
(DFWC) rule is proposed to reduce the effect of inconsistent test
fragments. Furthermore, due to the difficulty of performing a generic
descriptor, three different descriptors related systems are designed and
combined through an effective combination scheme based on Choquet
fuzzy integral operator. Experimental results conducted on the well-
known IFN/ENIT and IAM datasets show good adaptation of the OCC
with DFWC. Moreover, the Choquet combination scheme offers more
improvements to achieve 97.56% and 94.51% for the used datasets,

respectively. The obtained results highlight the reliability of the proposed

system in comparison with recent studies for writer identification issue.

6.1. Introduction

Person authentication based on the handwriting style is one of the oldest biometric methods.
Although a huge effort has been done for proposing efficient writer identification systems, it
remains however one of the most challenging problems due to the large intra-writer

variations, also known as natural variation in forensic literature. Besides to its crucial use in
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wide areas such as digital right management in the financial sphere, to solve the expert
problems in criminology by forensic expert decision-making systems, in law enforcement
agencies for proving someone's authenticity and helping to distinguish the authenticity of
historical handwriting documents (Brink et al., 2012; Gilliam et al., 2010; Fecker et al., 2014).

Writer identification is the process of determining the author of an unknown sample of
handwritten text. Hence, automatic writer identification can be categorized according to
online and offline acquisition modes. Online writer identification makes use the pen
movement and dynamics of the handwritten text captured by digitizing tablets or pressure
sensitive pens. In contrast, the offline mode employs the handwritten text itself, which is
acquired from scanning or photographing. Therefore, offline writer identification is more
complex due to the absence of such stable dynamic characteristics (Nakamur and Kidode,
2015; Sreeraj et al., 2011).

The design of an offline writer identification system (OWIS) is composed of two main
modules, which are feature generation and classification. Different ways have been
investigated via performing various feature generation methods. Thus, the design of OWIS
can be also categorized according to the type of input data for capturing features, which can
be whole document, paragraph, line, word, character (Sreeraj et al., 2011) and recently text
fragments ( Tang et al., 2013 ; Hannad et al., 2016). The use of the text fragments has a
better ability of characterizing the writer’s style when applying textural descriptor on the
small fragments. Indeed, Tang et al. (2013) have proposed the use of handwritten fragments
for the reason that texture-based methods need an important number of handwriting text to get
stable features. Furthermore, non-text regions generate unstable features caused by the empty
background regions contained into handwriting images. Quite recently, Hannad et al. (2016)
have also explored the advantage of using text fragments. The authors claim that, the local
texture descriptors are more effective and have high discriminatory power when applied on
small writing fragments in characterizing the writer. Furthermore, it is worth noting that, in
real word application, the whole text document of a writer cannot be always available.
Therefore, the design of the OWIS based on text fragments is considered as an interesting
alternative way for writer identification since only a small amount of handwriting text is
required.

Generally, the distance-based classifier is the most popular to solve the writer identification
problem for its fast implementation, supports high number of writers and offers an open writer

identification system. The distance-based classifier has been devoted for the different types of
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acquired data including fragment (Nakamur and Kidode, 2015; Tang et al., 2013; Hannad et
al., 2016). Indeed, Tang et al. (2013) has employed the chi-square distance for the similarity
measurement between the reference and test fragments. In a recent work, Hannad et al.
(2016), use the Hamming distance between the feature vectors of both reference and test
fragments.

The distance-based classifier relies on the assumption that reference or training fragments
form distinct clusters. Nevertheless, due to the difficulty of ensuring consistent fragments for
each writer, reference fragments of various writers overlap. Therefore, more adapted classifier
is required for classifying more efficiently the fragments. Quite recently, considerable
attention has been paid to the One Class Classifier (OCC) for resolving many multi-class
classification problems (Cyganek, 2000; Goh et al., 2005; Ban and Abe, 2006; Rabaoui et al.,
2008 ; Yeh et al., 2009; Boehm et al., 2011), due to its advantages against some usual
implementations based on binary or multi-class classifiers. In fact, the used OCCs do not
require retraining for a second time when adding new classes to the classification system.
Therefore, an open multi-class classification system is offered.

Hence, this work proposes to investigate the use of OCCs to keep an open system for
identifying the writer from handwriting fragments. More precisely, the selected OCCs used
for designing the OWIS are based on clustering algorithms such as K-Means and k-Centers
(Tax, 2001). The main assumption of using these OCCs is that the feature vectors are
clustered and can be characterized by a few prototype objects in order to generate more robust
classification model based on text fragments via reducing the effect of the inconsistent ones.
Since, each document is divided into different fragments, the writer identification of a query
document relies on combining the generated scores from fragments matched with the
reference ones (Tang et al., 2013; Hannad et al., 2016). Thus, a simple average combination
rule has been adopted to combine the fragment dissimilarity scores as reported in (Tang et al.,
2013; Hannad et al., 2016). However, the problem of inconsistent fragment that has been
faced in the training step expands its effect to the test step. Indeed, inconsistent fragments can
be also generated from the query document which may badly affect a correct writer
identification. Hence, in order to reduce the incorrect classification yielding from the
inconsistent fragments, this work proposes a Dynamic Fragment Weighting Combination
(DEWC) rule to reduce the effect of inconsistent fragments. This rule allows giving more
importance to the consistent ones. In other words, a high contribution is assigned to the more

consistent fragments relatively to others.
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Different feature generation methods have been performed for the writer identification
achieving diverse performance for the different types of input data including text fragment
(Srihari, 2002; Hertel and Bunke, 2003; Tan, 1992; Marti et al., 2011). As a result, finding the
best descriptor is very difficult for all classes (i.e. writers). Hence, since some descriptors are
diverse, the possible way for improving the performance of the OWIS is to combine multiple
systems fed by different descriptors. The multiple classifier system is adopted in the aim to
deduce a better decision from multiple opinions of diverse systems. Thus, OWISs have taken
a benefit for combining multiple classifiers. Indeed, various combination strategies have been
proposed aiming to provide more robust OWIS than single one (Xu et al., 1992). For instance,
Bulacu et al. (2007) has proposed combination scheme using different features based on the
average or weighted of the individual features participating in the combination. In related
work, Fornés et al. (2010) explored a combination approach to perform the OWIS in old
music scores. The K-nearest neighbor classifier is applied on the different extracted features.
The resulting outputs are combined for a final classification. For this purpose, the
combination is performed using the majority voting or Borda count method. Abdi and
Khemakhem (2012) described a combination of multiple Arabic OWISs designed by various
descriptors and distance metrics such as chi-square and Euclidean distances for the
classification step. Each individual system results in a rank list, where the most probable
writers are assigned to the first ranks and the least probable writers are ranked the last ones.
Then, the rank lists are combined using an experimentally proven weighting formula.
Recently, Tang et al. (2013) explored a weighted average rule to combine two descriptors for
the writer identification problem. Both normalize chi-square distances are combined to form
more efficient dissimilarity measure.

Since, the combination rule is the successful key to achieve an efficient multiple classifier
system, this chapter proposes an alternative way for combining different OWISs attempting to
investigate their diversity to perform a robust writer identification system. Historically, Fuzzy
Integral (FI) and the associated fuzzy measures have been introduced by Sugeno for its
excellent performance for classifier aggregation (Kuncheva, 2004). Its main advantage is
related to measuring the strength not separately for each classifier alone but for all members.
For several years, great effort has been devoted to use the FI for performance enhancement
produced by multiple classifier systems. Indeed, FI has been successfully explored for various
applications of pattern recognition including face detection (Kwak and Pedrycz, 2006),
change detection (Nemmour and Chibani, 2006), soft biometric (Nemmour, 2015) and

handwritten signature identification (Hadjadji et al. 2017).
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Hence, in this chapter two stages combination system based on OCC ensembles is proposed,
where the first stage is devoted for fragments combination based on the proposed DFWA rule.
On the other hand, the second stage is dedicated for combining different writer identification

systems via the FI combination strategy.

This chapter is organized as follows. In the next section, we introduce the proposed Two
Stage Combination of Weighting and Choquet Fuzzy Integral for Writer Identification of
offline Handwritten Fragments. Section 3 details the experiments along with the obtained
results and analysis. The last section is devoted for the conclusions and potential research

directions for writer identification.

6.2. Two stage combination scheme for writer identification

This section describes the proposed writer identification system. Thus, a description of the
different modules for designing an individual writer identification system is given, which are
feature generation and classification. Furthermore, a design of multiple writer identification

system is also highlighted based on FI combination.

6.2.1. Writing fragmentation

The text-independent writer identification relies on characterizing the writing style of each
individual writer. The forms of one character written by various people are different and in
most situations characters are connected together whilst writing. Thus, rather than extracting
each single character which is hard to perform, we assume that, the writing of each writer is

composed of specific small fragments which occur frequently.

For the fragmentation process, in this work the one proposed by (Hannad et al., 2016) is

adopted. This technique is summarized in the following steps:

1- Handwritten images binarization via a global thresholding.
2- Connected components extraction from the image.
3- Each connected component is scanned in the left-right, top-bottom fashion and is

divided into small windows of size N X N generating small writing fragments

The window size N is determined empirically and the impact of window size on the

overall system performance is presented in (Hannad et al., 2016).
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6.2.2. Feature generation

Feature generation is an important stage for any pattern recognition system. For the writer
identification problem, various methods have been explored for the different types of acquired
data. The texture-based approach is known as the most used and effective for the writer
identification. For the writing fragment-based writer identification, the Local Binary Pattern
(LBP), Local Phase Quantization (LPQ) and Local Ternary Patterns (LTP) descriptors have
been compared. The LPQ shows the best adaptation to capture the writer’s style from the
writing fragments. This chapter follows the successful path of using texture-based descriptors
for writing fragment by exploring the Run Length (RL), oriented Basic Image Feature (oBIF)
as well as the LPQ features, which has already been explored for this problem (Hannad et al.,
2016).

In the following, the mathematical foundations of the RL, oBIF and LPQ descriptors for

writing fragments characterization are briefly reviewed.

6.2.2.1. Run length features

The run length (RL) texture-based features (Galloway, 1975), has been initially proposed by
(Arazi et al. 1977), for writer identification. RL is performed on binary image assuming that
either the black pixels corresponding to the ink trace or, more beneficially, the white pixels
corresponding to the background.

For writer identification, the writing style for a given writer is characterized by computing the
probability distribution of RL features contained into the writing fragments. The RL is
performed on detected edges by applying Sobel operator on writing fragments. Hence, four
main directions are scanned for capturing the edge pixels: horizontal, vertical, left-diagonal
and right-diagonal to compute run-lengths of white and black pixels. The normalized
histogram of these run lengths is interpreted as a probability distribution characterizing the
writer (Arazi, 1977; Bulacu et al. 2007).

The term ‘run’ has been defined as a sequence of connected pixels which have the same color
along a given direction. Consequently, the borders of each run differ from the run color. In a
given direction, the run-length matrix P element (i,j) is constructed, which specifies the
number of times that the writing fragment contains a run of length j, consisting of ink or
background indicating by i equal to “0” or “1”, respectively. Thus, the size of the matrix P is
two lines representing the ink and the background while the number of column is equal to the

maximum possible run-length in the corresponding writing fragment.
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Finally, the four run-length P matrices are normalized into probability distribution vectors and
then concatenated to obtain a global vector characterizing the writing fragment. In order to
avoid the problem of large dimensionality of the feature vector and not consistent features,
only a first sub-set of columns is selected for each of the matrices. Hence, the first 10 columns
are selected for each of the four directions for black and white pixels. This gives a total of 80

features (2 x 10 x 4) for each writing fragment.

6.2.2.2. Oriented basic image feature

The oriented Basic Image Feature (oBIF) is a texture-based scheme that has been successfully
used for character recognition (Newell and Griffin, 2011.), texture classification (Newell et
al., 2010) and recently for writer identification based on writing document (Ojansivu and
Heikkila, 2008). In this work, the oBIF is used to characterize the writer’s style from small
writing fragments.
The oBIF is an extension to the Basic Image Feature (BIF), where a combination of the local
orientation with the local symmetry information is added. When applying the oBIF descriptor
on the writing fragment, each location is classified according to the local symmetry type using
a bank of six Derivative-of-Gaussian (DoG) filters of a size determined by the scale
parameter. Hence, seven possible symmetry types are defined which are slope, dark line, light
line, dark rotational, light rotational, saddle-like and flat. The classification of any location as
a flat or the other symmetry types relies on an extra parameter ¢.
The slope type is accompanied by assigned orientation. However, the dark line, light line and
saddle types are accompanied by an unsigned orientation. These orientations are quantized
and the number of possible unsigned orientations is given by the parameter ¢. Consequently,
there are 2¢p possible orientations for the slope type and ¢ possible orientations for each of
the dark line, light line and saddle types. The dark rotational, light rotational and flat types
have no orientation. Thus, a total of 5¢ + 3 different possible oBIF types are obtained. The
value of ¢ is tuned for each application. However, previous work has indicated that a value of
4 is appropriate for near-optimal performance (Newell and Griffin, 2011). Using this value,
23 oBIF types are defined for generating a feature vector. In summary, the oBIF calculation
is performed according to the following steps:

1. Measure filter responses c;; to an (i,j) order DoG filter, and deduce the scale

normalized filter responses s;; = a'*/¢;;

2. Compute U = Sy + So2,V = \/(520 - 502)2 + 45’121
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3. Assign BIF type according to which Expression is largest, then calculate orientation

appropriately:

Expression BIF type Quantizable orientation

£Spo flat No orientation

[ slope (Sﬂ)
2 s, + s2, arctan o S10 >0

arctan Cﬂ) + 1Sy =0,50<0
10

arctan (Sﬂ) —m Sy <0,50<0

510

U Dark rotation No orientation
—u Light rotation ~ No orientation
i 2s
v+ /N2 Dark line arctan 11
(So2 = S20 + 1)
_ i i 2s
(v M)/\/E Light line arctan =
(So2 — 520 + 1)
le-lik 2s
U Saddle-like arctan 11

(Soz — S20 + 1)

6.2.2.3. Local phase quantization

The LPQ (Ojansivu and Heikkila, 2008) is known as one of the most effective features for the
writer identification problem (Hannad et al., 2016). The Short Term Fourier Transform
(STFT) is used to deduce the local phase information, which forms the LPQ components. The
calculation of the STFT is performed for each location x in the image f(x) through a

rectangular neighborhood N, of M x M size as follows:

F(w,s) = Syen, fx —y)e T2y = wl'f, (6.1)

where w,, and f, denote the basis vector of the discrete Fourier transform at frequency u and a
vector containing all M? image components from N, respectively.

In LPQ, only four complex coefficients are considered corresponding to 2-D frequencies
u; = [a,0]",u, =[0,a]”, us = [a,a]”, us = [a, —a]”; where a is a scalar sufficiently small

to satisfy H(u;) > 0. Consequently, the vector F(x) is formed as follows:
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F(X) = [F(ul,S),F(U,Z,S),F(U3,S),F(U4,S)] (62)

The phase information provided by the Fourier coefficients is recorded in G(x) vector by
observing the signs of the real and imaginary parts of each component in F(x). Formally,

G (x) is represented as:

G(x) = [Re{F ()}, Im{F (x)} ] (6.3)

Let g; be the jt* component of G (x), then the sign of the phase information provided by the
Fourier coefficients is determined via exploring a simple scalar quantization:

= 6.4
0, otherwise (6.4)

Sj

The quantized coefficients are represented as integer values between 0-255 using binary
coding:

b=Y7_ sG2 (6.5)

For writer characterization, a histogram of these integer values for all pixel locations is
computed for representing the feature vector. As recommended by Hannad et al. (2016), the
last bin of the histogram is not taken into consideration. Thus, this non-discriminative bin is

discarded. Consequently, each writing fragment is represented by a 255 bin histogram.

6.2.3. OCC for writer identification based on writing fragments

The choice of OCC instead of the usual used distance classifier is due to two reasons. First,
the OCC offers an open scheme for adding new writers to the identification system, unlike
some classifiers such as support vector machine and neural networks. Second, the fragmented
text can contain probably inconsistent fragments. Therefore, reference fragments of various
writers overlap and consequently cannot be taken as references when matching with test
fragments. Hence, the one-class K-Means and k-Centers are explored in order to generate

more consistent references, based on a combination of all training fragments.

Formally, the classifier is a module that has the ability to transform a feature vector into a
decision score or class label. For the writer identification application, a set C = {cy, ..., cy}

of M writers are considered and each one has its corresponding function f,, associated to each
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0CC,, (m =1,..,M). The training fragments are represented by distinct clusters which are

described by a set of prototype vectors.

After obtaining the writer models in the training step, a query document is assigned to its
corresponding writer based on combination of multiple decisions generated by the test
fragments. More precisely, let a query document Q represented by a set of fragments g;,
{i=1,..,Card(Q)} then each test fragment q; is compared with each writer’s model £,7¢¢
for producing a score as follows:

score(q;, cm) = fn““(q;) (6.6)
A combination of these scores over all the fragments in the test writing is necessary to
measure the similarity between the query and the reference writing. Several combination rules
are possible to achieve the aggregation, but all these rules need a unique interpretation of the
outputs generated by the OCC for each test fragment g;. Hence, a simple exponential function
is used for transforming the OCC output £,9¢¢(gq;) ranging from the interval ] — o0, 0] into

posteriori probability P(Cm/(Qi)) ranged in the interval ]0, 1] expressed as follows:

P(cn /) = exp ( £i(a)) (67)

The sum rule has already been used for fragments combination in order to measure the
posteriori probability of the query document with each writer’s model, which is expressed as

follows:

P(en/Q) = g i @ exp(£2° (a)) (6.8)

Finally, the writer of query document is identified from the set of the reference base according
to the class which reports the maximum posteriori probability:
M
writer(Q) = argmax(P(cm/Q)) (6.9)
m=1

6.2.4. Dynamic fragment weighting combination rule
In the proposed scheme, the writer identification of query document relies on the combination
of the different existing fragments. However, due to the high writer’s style variability, some
passages in the document are slightly different to maintain his/her stable style. Therefore,

inconsistent fragments are generated during the fragmentation process. Consequently, the
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problem of inconsistent fragments that has been faced in the training step is occurred during
the test step as well. Indeed, inconsistent fragments may badly affect a correct writer
identification. Hence, in order to decrease the incorrect identification yielding from the
inconsistent fragments, this chapter proposes a weighting combination rule to reduce the
effect of inconsistent fragments. This way allows giving more importance to the consistent
ones.

Generally, the static weighted average (SWA) is considered as a successful straightforward
combination rule, which has been widely used for combining classifiers classifiers (Verikas et
al., 1999; Al-Ani and Deriche, 2002; Wang et al., 2002) as a weighted sum and weighted
Borda count rules. In addition, the SWA has been also used for multimodal biometric
authentication (Snelick and Uludag, 2005), where weights are assigned to each matcher for
biometric fusion. In the present work, weights are assigned to each individual fragment
according to its importance for characterizing the stable writer’s style. However, although the
great success of fixed weighting rule for classifier combination, its use is hard to be adopted
for fragment combination. This is due to the fact that fragments vary in their number and
consistency according to the query document. Indeed, attributing pre-defined weight values
for the query fragments is difficult and hard to be performed. Besides, recently dynamic
weighted average has been successfully performed for OCC combination against static
weighted average and fixed rules (Hadjadji et al., 2014a).

Hence, this chapter proposes a new and more adapted dynamic fragment weighting
combination (DFWC) rule, which allows calculating the appropriate weight dynamically for
each test fragment. DFWC allows matching the writer m relatively to its stable writing style

characterization as follows:

W, (q;) = exp(—t|exp(£,7¢ () — exp(£2¢)]) (6.10)

Suchthat, 0 < W,,(q;) <land 0 <6 <1.

FOCC _ 1 Card (Qm) roCC
™ = Card (0 izl m (1) (6.11)

£9¢C s the average of all reference fragment r; outputs contained in the training document
Q,,. Therefore, £9¢C represents the writing stable style response for writer m. § is a positive
value that has been introduced for more calibrating the difference between the test fragment

response and the writer’s stable style. Hence, the closer this difference is, the greater the
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weight value is. In contrast, when this difference is important, the test fragment characterizes
different writing style than the matched writer. Therefore, a small weight value is assigned.
Consequently, the proposed DFWC allows generating the posteriori probability according to

the following equation:

1

P(c,/Q) = Card @

STy S Wi (a)em (£ (4)) (6.12)

The proposed DFWC is then performed for generating dynamically the posteriori probability

instead of simple sum or average rule.

6.2.1. FI combination of multiple writer identification systems

The characterization of the writing style based on writing fragments using texture descriptors
has shown good identification results. Moreover, some descriptors are diverse and it is
possible to explore this property by performing a combination scheme. The combination can
be performed on the feature level either on the decision or the score. The decision level is the
most successful way since it is allowed to give more importance separately for each system
unlike the feature level where all descriptors are gathered to form a joint feature vector.
Various combinations strategies have been developed for pattern recognition systems
including writer identification. In this system, the FI is explored to combine different systems
fed by three texture descriptors, which are RL, oBIF and LPQ. Thus, the proposed system is
designed by using two combination stages. The first stage is devoted for combining writing
fragments based on the proposed DFWC rule. While, the second stage uses the FI, which is
performed for combining the obtained results by the three writer identification systems. As it
is depicted in Figure. 6.1, the proposed system is composed of M writers and 3 different
texture descriptors. Consequently, three different classifier models are generated per writer.
The FI operator is applied after the DFWC rule. Therefore, the Choquet operator is performed
to handle the three posteriori probabilities P;(c,,/Q) Yyielding from the LPQ, RL and oBIF
based writer identification system. The resulting decision value defines the score of the query
document belonging to each writer. Hence, the evidence values for the Choquet FI are

expressed as the posteriori probability taking the following form:

him (z;) = P(¢n /Q) (6.13)
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The FI relies on a pre-knowledge on the different information sources to be combined. Hence,
an accurate evaluation of each individual system is required by exploiting the density
measures to ensure the success of the combination. Generally, a validation dataset is used for
pre-evaluating the system for getting the representative density measure values. However, this
approach assumes that all testing samples are represented by the same density measure values.
Consequently, a less efficient representation is yielded since each query document has its
appropriate density measure. Therefore, more contribution should be given in respect to the
more appropriate writer identification system to the current query document.

To overcome this problem, a similar function to the proposed DFWC is proposed in this work

for calculating the density measure associated to each classifier defined as follows:

(@) = exp (=8]1P,(cn/Q) — exp(Fi)]) (6.14)
Suchthat, 0 < gi,(x) <land 0 <6 < 1.

Such that, 0 < g/ (x) <1 and 0<§ < 1.t is a positive parameter that has been involved
for calibrating the density measure. This parameter is tuned till finding the most suitable value
for representing the contribution of each individual writer identification system. The density
measure is calculated according to the similarity between the stable writing style £% and the
posteriori probability P;(c,,/Q) generated from the DFWC rule. Thus, the density measure
values are generated dynamically for each query document.

In this work, it is worth noting that the writing style parameter is involved for both
combination stages. In the first stage, it is involved to calculate the contribution of each
fragment by means of the DFWC rule to perform an individual writer identification system.
While, in the second stage, this parameter is also involved to measure the strength of each
individual system by means of the density measures, leading to an effective multiple writer
identification system combination.

After obtaining the density measures via applying the proposed technique, the fuzzy
measures, g,,(4;) for 1 <i <L and 1 <m < M, are calculated by applying Egs. 1.24 and
1.25.

Let Ic,, as the Choquet aggregation produced from the posteriori probabilities of the LPQ, RL
and oBIF writer identification systems associated to their corresponding fuzzy measures
defined for each writer, then the query document Q is assigned to the writer class with the

maximal value as follows:
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M
Writer(Q) = argmax (Ic,,(Q)) (6.15)
m=1
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Figure 6.1: Two stage combination writer identification system

In summary, the proposed writer identification system is performed according to the
Algorithm 6.1.

Algorithm 6.1:
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Inputs: Query fragments g, classifier models OCC]-", stable writing style £}

Output: Writer identification
1:fori < 1to M do /*i represents class variable */

2: forj < 1toL do I* j represents the feature generation method variable */
3: for f « 1to Card(Q) do I* f represents the query fragment variable */
4: Calculate the fragment feature vector x using j™ method.

5: Calculate the classifier output according to Eq. 6.6

6: Compute the normalized output P;(¢; /x) according to Eq. 6.7

7 Compute the weight value of the current fragment according to Eg. 6.10

8: end for

9: Apply the DFWC to aggregate the query fragments results according to Eq. 6.12
10: Compute the evidence value h; (z;) according to Eq. 6.13

11: Calculate the density measure according to Eq. 6.14

12:  end for

13: Determine the fuzzy measures g;(4;) , for 1 <i <L and 1 <j < m using Egs.
1.24 and 1.25.

14: Perform the Choquet FI integral according to Eq. 1.28

15: end for

16: Assign the unknown written fragments to the writer model that provides the maximum

FI combination score according to Eq. 6.15.

6.3. Experimental results

6.3.1. Databases and design protocol
The performance of the proposed writer identification system is evaluated on two popular
datasets namely IFN/ENIT and IAM. The well known IFN/ENIT dataset (www.ifnenit.com)

is a collection of Arabic handwritten documents containing more than 26400 images of
Tunisian town names written in Arabic script. Words are written by 411 writers using
different writing tools, which make it more challenging. While the IAM dataset (Marti and
Bunke, 2002) is a collection of 1,539 forms contributed by 657 different writers containing

13,353 isolated and labeled handwritten English text lines of variable content.
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For generating the text fragments, the one proposed by Hannad et al. (2016) is adopted in this

work. This technique is summarized in the following steps:

e Binarization of handwritten images via a global thresholding.

e Extraction of connected components from the image.

e Generation of small writing fragments by dividing each connected component into a
window size N x N. The window size is determined empirically and its impact on the

overall system performance has been evaluated in (Hannad et al., 2016).

For both datasets, the same fragment fractions for training and testing are used in this chapter
as reported in (Hannad et al., 2016) for far comparison. According to Hannad et al. (2016), for
each of the 411 writers of the IFN/ENIT dataset, 30 word images are used to create the
reference document R and 20 word images per writer forms the query document Q. While, for
each of 657 writers of the IAM dataset, the same training and testing fragments are used. In
this case, 60% of the text lines are used as the reference base while the remaining 40% are
used for evaluation.

The performance of the proposed system is evaluated using the Identification Rate (IR)
expressed in %, which is defined as the number of instances correctly identified to the total

number of instances formally formulated as:

Number of correct identification for all writers
IR =100 x (%) (6.15)

Total number of test documents for all writers

Furthermore, for performing an optimal design of the writer identification system, various
parameters should be tuned, which are related to the OCCs (the number of cluster K and
center k), DFWC (§) and the density measures (t) for performing Choquet operator. In this
work, the training dataset is divided into two subsets. The first one composed of 2/3 training
dataset is used to train the system with different values. While the second remaining 1/3
dataset is used for finding the optimal parameters to achieve the best IR. Once optimal
parameters are found, the OCCs are retrained again on the whole training dataset in order to

get more stable models.

6.3.2. Evaluation of OCCs for WI using handwritten fragments
The individual OWI systems are evaluated on both K-Means and k-Centers OCCs for
different handwritten fragments. Thus, Tables 6.1 and 6.2 report comparative results for
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OCCs against distance dissimilarity based-classifier (Tang et al., 2013; Hannad et al., 2016),
for the different descriptors conducted on IFN/ENIT and 1AM datasets, respectively.

The obtained results clearly show that the used descriptor affects highly the identification rate
for both datasets. Indeed, the LPQ and RL provide roughly similar results in contrast to the
oBIF descriptor which provides lower results. Furthermore, the OCC based on K-Means
performs better than the OCC based on k-Centers for all descriptors and both dataset.
However, the distance dissimilarity based- classifier outperforms the best OCC in some cases,
for instance, when using LPQ in both datasets. In contrast, surprising results are achieved by
the oBIF descriptor for IAM dataset. Hence, the OCC is reliable to maintain stable results for
the different descriptors as well as its adaptation for the different datasets in comparison to the
distance classifier. However, the lower IR achieved by the OCCs in other cases are explained
by its sensitivity to the presence of inconsistent fragments in the query document. These
fragments are considered as outliers which may badly affect the correct writer identification
(Tax, 2001). In order to take into consideration this fact, the next section presents the DFWC
having the ability to reduce the effect of the inconsistent fragments and to provide more
robust writer identification system.

Table 6.1: Writer IR (%) for OCCs against distance dissimilarity based-classifier performed on
IFN/ENIT database.

) Classifier
Descriptor :
K-means k-center  Distance
LPQ 93.67 88.32 94.40
Run length 93.18 88.07 92.45
oBIF 82.23 78.34 90.51

Table 6.2: Writer IR (%) for OCCs against distance dissimilarity based-classifier performed on |AM

database
) Classifier
Descriptor
K-means k-center  Distance
LPQ 83.23 71.34 88.26
Run length 84.75 66.92 80.64

oBIF 68.44 60.06 29.72
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6.3.3. Dynamic fragment weighting versus average combination

In this section, the proposed DFWC rule is evaluated against the already used average
fragment combination rule (Tang et al., 2013; Hannad et al., 2016), which is considered as
Static Fragment Weighting Combination (SFWC) since weights are the same and fixed for all
fragments. Thus, Tables 6.3 and 6.4 report comparative results obtained when performing
both fragment—combination methods on the used classifiers and the different descriptors
conducted on IFN/ENIT and IAM datasets, respectively.

From the obtained results, the DFWC shows its effectiveness to improve widely the IR
against the average or SFWC rule for the OCCs. For instance, when using oBIF descriptor
with one class k-Centers classifier, the IR is improved from 60.06% to 84.29% for IAM
dataset. Moreover, after performing the DFWC on OCCs based clustering methods, the K-
Means classifier outperforms the most widely distance dissimilarity based classifier for both
LPQ and RL descriptors. However, when using the distance dissimilarity based classifier, the
IR is not improved a lot when performing the DFWC rule. The inappropriate adaptation of the
DFWC for the distance dissimilarity based classifier is due to the presence of inconsistent
fragments in the reference dataset, unlike the OCCs where new reference dataset is formed. In
fact, the presence of inconsistent fragments in the reference dataset does not allow
differentiating between consistent and inconsistent test fragments. This outcome justifies the
choice of using the OCC based on clustering algorithm for the writer identification based on
handwritten fragments.

Furthermore, it is worth noting that the RL descriptor with one-class K-Means classifier form
the best individual writer identification system by achieving 96.35% and 92.22% for
IFN/ENIT and 1AM datasets, respectively.

Table 6.3: Writer IR (%) for DFWC against Average combination performed on IFN/ENIT database

Classifier
Descriptor K-means k-center Distance
Average DFWC Average DFWC Average DFWC
LPQ 93.67 95.86 88.32 94.16 94.40 94.40
Run length 93.18 96.35 88.07 93.67 92.45 93.18

oBIF 82.23 88.56 78.34 87.10 90.51 90.51
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Table 6.4: Writer IR (%) for DFWC against Average combination performed on IAM database

Classifier
Descriptor K-means k-center Distance
Average DFWC Average DFWC Average DFWC
LPQ 83.23 91.00 71.34 91.61 88.26 89.17
Run length 84.75 92.22 66.92 89.48 80.64 80.48
oBIF 68.44 84.14 60.06 84.29 29.72 32.01

6.3.4. Choquet FI for multiple writer identification systems

This section is devoted for presenting the IR obtained for the second combination stage of the
proposed system. As the first combination stage is performed by the DFWC to achieve
individual system, the second combination stage consists of combining the different
individual writer identification systems leading to take benefit from their diverse descriptors.
For a fairly comparison of the proposed Choquet FI combination against other aggregators,
the IRs are compared against the standard used fixed rules (Kuncheva, 2004) as the Average,
Product, Maximum (Max) and Minimum (Min).

Thus, for each type of the used classifier, the individual systems associated to the respective
LPQ, RL and oBIF descriptor are combined via fixed rules and the Choquet operator. Tables
6.5 and 6.6 report the obtained IRs for IFN/ENIT and IAM dataset, respectively.

Table 6.5: Writer IR (%) of two stages combined system for the different classifiers performed on
IFN/ENIT database.

Classifier
Combination i
| K-means k-center Distance
rule
Average DFWC Average DFWC Average DFWC

average 90.99 95.37 91.24 96.35 94.40 94.40
product 89.78 93.67 89.29 95.62 94.89 94.89

max 93.67 95.86 88.07 94.16 94.40 94.40

min 82.23 88.56 78.34 87.10 90.51 90.51
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Choquet-FlI 94.64 97.56 94.40 97.08 96.10 96.10

Table 6.6: Writer IR (%) of two stages combined system for the different classifiers performed on
IAM database.

Combination Classifier
K-means k-center Distance

rule Average DFWC Average DFWC Average DFWC
average 73.62 90.85 67.98 93.75 83.35 83.53
product 83.53 89.63 71.64 92.83 80.33 81.40
max 83.23 91.00 71.34 91.61 88.26 89.17
min 68.44 84.14 60.06 84.29 29.72 32.01
Choquet-FlI 79.72 94.20 69.20 90.85 90.09 89.32

The first glance of the obtained results shows that the combination of the different individual
systems performed by the DFWC is more suitable since it provides improved IRs for the
different combinations of the second stage. Secondly, when observing the combined writer
identification systems, it can noted that the Choquet combiner performs an improved IR
against fixed combiners for the different types of classifier. The good performance of Choquet
FI is owing to its capability to capture diversity between individual systems and attribute the
right importance for each one. Besides, the proposed method for density measure values,
which are generated dynamically for each query document, allows providing more importance
to the relevant system relatively to the others.

The simultaneous use of the K-Means classifier, DFWC and Choquet constitutes the best
choice for providing the best performance for both datasets. Indeed, while using K-Means
classifier, the proposed combinations in both stages allow improving the identification rate
from 93.67 to 97.56 and also from 83.23 to 94.51 for IFN/ENIT and IAM datasets,
respectively. Finally, the OC based on the K-Means is more suitable for the writer
identification based on writing fragments than the usual distance classifier. This outcome is
due to its propriety to reduce the presence of inconsistent fragments, which offers a better
adaptation with DFWC and FI unlike the distance classifier.
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6.3.5. Stability study of combined systems

In order to study the performance stability of the proposed system according to the number of
writers, a series of experiments were carried out by adding progressively new of writers.
Figures 6.2 and 6.3 depicts the identification rate according to the number of writers achieved
by the Choquet, average, product, max and min combinations to perform the multiple writer
identification systems for IFN/ENIT and 1AM databases, respectively. We can clearly notice
an expected drop in the identification rate when adding progressively new writers. More
precisely, the Choquet shows its efficiency to keep a stable performance according to the
number of writers unlike the average, product, and max which show a drop in performance
after exceeding 50 writers. However, the min rule achieves the worst results. Consequently,
the Choquet operator provides the best performance and the least affected when adding new
writers. Indeed, Choquet based identification system yields the smallest IR difference when
adding new writers for both databases.

100 A
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96 -

—&— Avreage
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Figure 6.2: Identification rate on IFN/ENIT database in function with number of writers
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Figure 6.3: Identification rate on IFN/ENIT database in function with number of writers

In addition, the stability of the best proposed tow stages combinations system based on K-
means classifier is evaluated for reduced number of training fragments. In fact, in real
environment, each writer will be willing to provide a small amount of handwritten and
therefore it is important to study its effect on the system performances. Thus, we design the
system with a reduced number of fragments for training and we keep the overall test dataset.
Figures 6.4 and 6.5 depict the IR of the different combinations in function with training
dataset percentage for IFN/ENIT and IAM databases, respectively. From the obtained results,
a natural increase of the IR when an important number of fragments is used for the training is
observed for both databases. Furthermore, the Choquet reveals to be the best combiner and
the least affected for the different percentages of the training set. Indeed, for IFN/ENIT
database while the Choquet based system drops by around 17% of IR when decreasing the
training set to 40%, the best fixed combiner drops by around 23%. Consequently, the
combination of different writer identification systems is more suitable for reduced number of
training fragments.

123



Chapter 6. Two Stage Combination of OCC ensembles for W1 of offline Handwritten Fragments

100

—— Choquet
90 A
§ —&— Avreage
[
g 804 Product
S
.": -
8 70 —&— Min
£ ]
5 i .
=) Max
60 *
4

50

A

o

60 80 100

Number of writers

Figure 6.4: ldentification rate on IFN/ENIT database in function with training set percentage

100 1

—&— Choquet
90 - >
§ —&— Avreage
3
g 80 1 Product
S
= 4 5 .
£ 70 —&— Min
2 _
5 ; .
S Max

60 -

[

50

Number of writers

Figure 6.5: Identification rate on IAM database in function with training set percentage

6.3.6. Comparative analysis

In order to situate the proposed system among the state-of-the-art systems, a comparative
study of identification performance is highlighted for a number of studies available in the
literature. Only studies have evaluated IFN/ENIT and IAM datasets are presented in Tables
6.7 and 6.8, respectively. For IFN/ENIT dataset, many systems have been proposed leading to
provide an efficient Arabic writer identification system. Indeed, different types of input data

have been performed. For instance, Khan et al. (2016) have used the whole document to
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achieve 76%. Bulacu et al. (2007) have used a paragraph as input data to achieve 88% on 350
writers. In other work, Abdi and Khemakhem (2015) have achieved around 90% on 411
writers by using text line as input data. Recently, results of Arabic script have been widely
improved by Hannad et al. (2016) by achieving 94.90% on 411 writers using written
fragments. However, the proposed system offers more improvements via achieving 97.56%
for the IFN/ENIT dataset via using writing fragments as input data.

Moreover, for IAM dataset, various systems have been developed as shown in Table 8. From
the presented results, the most powerful systems use the document as input data. Indeed,
Bertolini et al. (2013), Wu et al. (2014) and Khan, et al. (2016) have achieved excellent
results for the writer identification. However, these systems require a whole document for an
accurate identification, which is hard to obtain in real environment. Thus, in a recent work,
Hannad et al. (2016) have proposed the use of handwriting fragments for the writer
identification, 89% have been obtained on 657 writers of IAM dataset.

Table 6.7: Writer IR (%) achieved by the proposed system comparatively to other state-of-the-art
systems for IFN/ENIT database

Type of # . - IR
data System writer feature classifier ~ combination %)
Djeddi and Souici- -
Meslati (2010) 130 RL Euclidian -- 82.00
- - Artificial
Djeddi and Souici- Co-occurrence .
Meslati (2011) 130 features immune h 84.23
recognition
Document
Kernel
discriminant
Khan, et al. (2016) 411 Discrete cousin an_aIyS|s Majquty 76.00
transform with voting
spectral
regression
directional, .
Paragraph Bulacu et al. (2007) 350 grapheme and x2 Weighted 88.00
average
run-length
. Abdi and Khemakhem Elliptic
Line (2015) 411 graphemes x2 -- 90.02
Hanned et al. 2016 411 LPQ Hamming -- 94.90
Fragment LPQ, RL and OC-K-

Our approach 411 Chqouet FI  97.56

oBIF means
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Nevertheless, the proposed two stage combination system achieves 94.51% on the same
dataset, which is very challenging and comparable to the state-of-the-art. Indeed, a reduced
set of samples per writer are used in order to simulate real world conditions.
Besides, the obtained results reveal the good flexibility of the proposed system to handle two
different languages Arabic and English, which is generally hard to perform.

Table 6.8: Writer IR (%) achieved by the proposed system comparatively to other state-of-the-art
systems for IAM database

Type of # - N IR
data Study Writer Feature classifier ~ combination (%)
e . Codebook
Siadiqi and Vincent 650 and x2 Average 89.00
(2010)
Contour
Support
Bertolini et al. (2013) 650 LPQ vector -- 96.70
machine
scale
Wu et al. (2014) oy  Mvariant - y2and  Weighted  gg o
feature Euclidien sum
transform
He and Schomaker De_Ita—n
650 Hinge x2 -- 93.20
features
junction Kohonen B
He et al. (2015) 650 feature 2D 91.10
Document Kernel
discriminant
: grapheme analysis B
Khalifaa et al. (2015) 650 codebook with 92.00
spectral
regression
RL of LBP
He and Schomaker and Cloud Weidhted
(2017) 650 Of 72 g 89.90
. average
Line
Distribution
Kernel
. discriminant
Discrete analysis Majorit
Khan et al. (2016) 650 cousin aly 101ty 97 20
with voting
transform
spectral
regression
directional, .
Paragraph Bulacu and Schomaker 650 grapheme 2 Weighted 89.00
(2007) average
and RL
Hanned et al. 2016 657 LPQ Hamming -- 89.11
Fragment Proposed 657 LPQ, RL OC-K- Chqouet FI  94.20

and oBIF means
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6.4. Conclusion

This chapter aimed to propose a writer identification system using handwritten fragments.
Hence, a new two stage combination of OCC is proposed based on DFWC and Choquet FI
techniques. Due to the high writer’s style variation, some generated fragments are inconsistent
and do not represent the authentic writing style. Indeed, the correct identification is highly
affected by the inconsistent fragments when using the distance-based classifier. Thus, this
work has explored the clustered-based OCC for their capability to reconstruct new more
representative reference fragments based on a combination of all training fragments.
Furthermore, the problem of inconsistent fragments expands its affect to the test step since
inconsistent fragments are also contained in the query documents. Also, the DFWC is
proposed in this work in order to give more importance to the fragments having the ability to
characterize well the stable writing style of each writer. Moreover, the selection of a good
descriptor is very hard to deal with fragment approach. Hence, the improvement of the
identification is possible by exploiting the existence of diverse descriptors via combining
multiple systems fed by different descriptors. Thus, in order to reach a good decision from
multiple combinations of various systems, a fuzzy integral combination is proposed in this
work to build a multiple Arabic writer identification system. In particular, three different
descriptors related systems are designed and combined through an effective combination

scheme based on Choquet operator.

The experiments conducted on the well-known IFN/ENIT and IAM datasets show good
results of the proposed system. First, the clustered-based OCC shows great adaptation with
DFWC unlike the distance classifier. The no adaptation of the DFWC for the distance
dissimilarity based classifier is due to the presence of inconsistent reference fragments in the
matching dataset, unlike the OCCs where new references are formed. In fact, the presence of
inconsistent fragments in the matching dataset does not allow differentiating between
consistent and inconsistent test fragments. This behavior justifies the choice to use the OCC
based on clustering algorithm for the writer identification using handwritten fragments.
Furthermore, when applying the DFWC to perform individual writer identification systems,
the experimental results show that the cluster-based OCCs outperform the distance-based
classifier. More precisely, the RL descriptor with the OC-K-Means classifier provides best

results for both datasets. Besides, the combination of different descriptors by Choquet
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combiner performs an improved recognition rate against fixed combiners for the different
types of classifier. However, the K-Means is observed to provide the best results for both
datasets. Furthermore, the obtained results outperform the state-of-the-art systems and
confirm the validity of the proposed system, which offers a practical solution for the
fundamental problem of writer identification using handwritten fragments.

As a future work, a new architecture is planned to propose a selection of fragments for

training and testing for a better reduction of the inconsistent fragment effect.
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Conclusion

Automatic pattern classification is related to various real-world applications such as the
classification of a given email to "spam" or "non-spam". Moreover, the classification problem
becomes more complex when the number of classes is increased such as in the application of
person identification based on biometric information (Schwartz et al., 2012). The classifier
bloc allows to convert an input feature vector into class vector and therefore attribute it to one
of a given classes. Various classification methods have been proposed and investigated in the
literature according to the aimed application. However, although the good offered
classification accuracy, these techniques perform closed system. Indeed, usual multi-class
classifiers take in consideration either the entire classes for generating the classification
model, such as the neural networks, or by splitting up the original problem into a set of two-
class sub-problems. Nowadays, extended multi-class implementation to new classes is
strongly required, for many interesting applications. However, the existing classifiers need to
retrain the system again on all classes such as the OAO or OAA implementations based on the
SVM classifiers. Recently, OCC has been successfully used to achieve extensible multi-class
implementations. Indeed, extending the OCC to new classes does not require retraining the
used classifiers for a second time. Furthermore, the OCC offers less computational cost in
terms of training time and memory space. However, using a single system of OCC for the
multi-class implementation usually achieves less accuracy than the usual multi-class

implementations.

Thus, this thesis proposed to explore multiple multi-class implementation systems based on
OCC leading to perform higher accuracy and keep at the same time the open classification
system. More precisely, the objective of the presented thesis is the enhancement of OCC
ensembles for solving the multi-class classification problem. The proposed contributions have
been devoted for real world applications in general and specifically for some handwritten
recognition applications such as word recognition, signature identification and writer

identification.

Contributions:  From the research that was carried out throughout this thesis, five main

contributions were reported as summarized as follows:

1- Combination of different types of OCC for multi-class classification by means a new

Dynamic Weighted Average (DWA) combination rule. Experimental results
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conducted on several real-world datasets prove the effective use of the proposed
approach where the DWA rule achieves the best results against fixed rules as well as
the decision template. Furthermore, comparison of the proposed open classification
system against a standard open classifier based on K-Nearest Neighbor shows the
superiority of the proposed system.

An improved one class Auto Associative Neural Network ensemble is proposed based
on a selection algorithm for selecting the appropriate training samples to the AANN,
which allows enhancing the AANN combination and classification robustness.
Experimental results conducted on several real-world datasets prove the effective use
of the proposed algorithm to construct more robust AANN ensembles.

A combination scheme of OCCs is proposed based on fuzzy integral operators.
Furthermore, an alternative framework is proposed to design a parameter-independent
and open-lexicon handwritten Arabic word recognition system as well as a new
density measure function. Experimental results conducted on Arabic handwritten
dataset using different types of OCCs with large number of classes show the
superiority of FI for OCC ensembles

An Open Handwritten Signature Identification System is proposed by using conjointly
the Curvelet Transform and the One-Class classifier based on Principal Component
Analysis. A combination based on Choquet fuzzy integral is explored to combine
multiple individual OHSISs. Experimental results conducted on standard CEDAR and
GPDS handwritten signature datasets report 97.99% and 94.96% correct identification
rate, respectively, which highlights the effectiveness of the proposed OHSIS since it
can comfortably outperform the state-of-the-art when using few reference signatures.
Two stage combination system is proposed for writer identification based on
handwriting fragments. The first stage is devoted for combining fragments based on a
proposed dynamic fragment weighting combination rule. On the other hand, the
second stage is dedicated for combining different writer identification systems fed by
three descriptors via the FI combination strategy. Experimental results conducted on
the well-known IFN/ENIT and 1AM databases show good adaptation of the OCC with
DFWC. Moreover, the Choquet combination scheme offers more improvements to
achieve 97.56% and 94.20% for the used databases, respectively. The obtained results
highlight the reliability of the proposed system in comparison with recent studies for

writer identification issue.
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Conclusion

Future works: The future prospects of this research consist to develop other
combination rules such as the one based on neutrosophic probability which has been recently
presented. Furthermore, it is interesting to evaluate the proposed combination schemes on
other applications of multi-class classification, such as multi-script writer identification and

word spotting for historical documents.
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