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Abstract

Ensemble of Classifiers (EoC) has become an alternative to achieve higher recognition rates
in patter recognition problems. This is motivated by the fact that different classifiers can rec-
ognize different patterns, thus, they are complementary. In this work the methodologies of
EoC are explored in order to improve the recognition rates in many tasks. First the problem
of handwritten recognition is analyzed. We propose a system that uses multiple feature ex-
traction techniques each one working on different approaches (edges, gradient, projections).
Each feature extraction technique can be seen as a sub-problem and has its own MLP classifier.
They are also treated separately. The outputs of each of these classifiers are used as an input to
another MLP classifier that is trained to perform the combination (trained combiner). Experi-
ments demonstrate that the proposed approach outperforms previous work in both: handwritten
digit and character recognition.

After that we focus the dissertation on the dynamic classifier selection (DCS) approach.
This strategy is motivated by the fact not every classifier in the ensemble is an expert for every
test pattern. The idea of DCS system is to compute the most accurate classifier in the region
around the query pattern and select only the best to give the final output. A study on the be-
havior of the DCS systems is conducted in order demonstrate the practical limits of the current
DCS systems. Based on that two new DCS techniques are proposed. One uses filter to improve
the quality of the information obtained from the test pattern. The other is a novel approach
that extracts contextual information from the behavior of the classifiers and uses the contextual
information to decide if a classifier should be selected or not. Experiments conducted in several
classification datasets demonstrate the proposed system significantly improve the performance
of DCS systems and are very promising approaches for further studies.

Keywords: Handwritten Recognition, Feature Extraction, Ensemble of Classifier, Dynamic
Ensemble Selection, Regions of Competence, Neural Networks
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Resumo

Ensemble of Classifiers (EoC) é uma nova alternative para alcançar altas taxas de reconheci-
mento em sistemas de reconhecimento de padrões. O uso de ensemble é motivado pelo fato
de que classificadores diferentes conseguem reconhecer padrões diferentes, portanto, eles são
complementares. Neste trabalho, as metodologias de EoC são exploradas com o intuito de
melhorar a taxa de reconhecimento em diferentes problemas. Primeiramente o problema do
reconhecimento de caracteres é abordado. Este trabalho propõe uma nova metodologia que
utiliza múltiplas técnicas de extração de características, cada uma utilizando uma abordagem
diferente (bordas, gradiente, projeções). Cada técnica é vista como um sub-problema pos-
suindo seu próprio classificador. As saídas deste classificador são utilizadas como entrada para
um novo classificador que é treinado para fazer a combinação (fusão) dos resultados. Experi-
mentos realizados demonstram que a proposta apresentou o melhor resultado na literatura pra
problemas tanto de reconhecimento de dígitos como para o reconhecimento de letras.

A segunda parte da dissertação trata da seleção dinâmica de classificadores (DCS). Esta
estratégia é motivada pelo fato que nem todo classificador pertencente ao ensemble é um espe-
cialista para todo padrão de teste. A seleção dinâmica tenta selecionar apenas os classificadores
que possuem melhor desempenho em uma dada região próxima ao padrão de entrada para clas-
sificar o padrão de entrada. É feito um estudo sobre o comportamento das técnicas de DCS
demonstrando que elas são limitadas pela qualidade da região em volta do padrão de entrada.
Baseada nesta análise, duas técnicas para seleção dinâmica de classificadores são propostas.
A primeira utiliza filtros para redução de ruídos próximos do padrão de testes. A segunda é
uma nova proposta que visa extrair diferentes tipos de informação, a partir do comportamento
dos classificadores, e utiliza estas informações para decidir se um classificador deve ser se-
lecionado ou não. Experimentos conduzidos em diversos problemas de reconhecimento de
padrões demonstram que as técnicas propostas apresentam um aumento de performance signif-
icante.

Palavras-chave: Reconhecimento de Manuscritos, Extração de Características, Combinação
de Classificadores, Seleção Dinâmica de Classificadores, Regiões de Competência, Redes Neu-
rais
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CHAPTER 1

Introduction

In pattern recognition problems it might be difficult to achieve optimal results training a single
classifier. There are many classifier models to choose, such as Neural Networks (NN), Support
Vector Machines (SVM), Decision Trees. A classifier can have many parameters, such as the
number of neurons in a neural network, the training function, the kernel in a support vector
machine and many more. Also the training process of the classifier can lead to sub-optimal
results [1]. Thus, it is difficult to find the best classifier for the problem.

One alternative to improve the accuracy in pattern recognition systems is to use multiple
classifiers. This is called Ensemble of Classifiers (EoC) or Multiple Classifier System (MCS).
In this methodology, a set of classifier is trained and the outputs are combined to give the
final answer. This strategy uses the fact that each classifier behave differently and they are
complementary (different classifiers can recognize different patterns). Previous works show
both experimentally [2, 3, 4, 5] and theoretically [6, 7, 8] that an ensemble of classifiers achieves
better results compared to a single classifier.

Therefore, this work is motivated by the use of ensemble of classifiers to improve the accu-
racy in pattern recognition problems. During this research project, we worked on two distinct
topics, Handwritten Recognition and Dynamic Ensemble Selection. We started working on
handwritten recognition, however we achieved good results in the beginning and there were
still plenty of time before the conclusion of the research project. Thus, we decided to change
the subject to dynamic ensemble selection since it is a new area in the field of ensemble of
classifiers and we could have more contributions working on this subject. Also we expect to
use the contributions made on dynamic ensemble selection to further improve the performance
of handwritten recognition systems.

For the handwritten recognition system, we applied the concepts of EoC to achieve better
recognition performance. This is a field of computer vision with many potential applications,
such as, post mail sorting, bank check analysis and form processing and that requires a very
high recognition rate as one error in this kind of application is very costly [9]. We propose a
system using several feature extraction algorithms that works on different parts of the image.
The different feature extraction methods are used to create an ensemble of classifier in which

1



2 CHAPTER 1 INTRODUCTION

every member of the ensemble extracts different information of the image. Thus, each member
of the ensemble works on a different feature space which is pointed by Duin [10] as the most
efficient methodology for generating a diverse set of classifiers. Results obtained shows that
the proposed approach outperforms previous handwritten recognition systems.

The second part of this work is focused on dynamic classifier selection. It is known that
not every classifier of the EoC is an expert for every test pattern. Different test patterns might
require different classification models, thus it is reasonable to select a subset of the classifiers
of the ensemble. Thus, a strategy was created in order to select only the best classifier for a
particular test pattern. This is called dynamic classifier selection (DCS). The classifier selection
strategies assumes that each classifier is an expert in part of the feature space. The objective is
to design a module that can identify the best classifier for a given test pattern (region around the
test pattern) and use the selected classifier to label the test pattern. In order to select classifier
we have to deal with two problems: The first is how to define a region in which the search for
the best classifier is performed (region of competence). The second is how to define a strategy
that will select the classifier using the information of the region of competence. The second
part of the dissertation is focused how to deal with these problems in order to improve the
performance of the dynamic classifier selection systems. In this work we show a solution to
both.

These two topics are completely distinct and there are no connections between them. Read-
ers that are interested only on handwritten recognition can read the first part of the document
while readers interested only on dynamic classifier selection can skip to the final chapters where
this topic is discussed. Also, each chapter of this dissertation corresponds to one published pa-
per. Each chapter has its own introduction/conclusion and can be treated separately. Readers
interested in Handwritten Recognition can read chapters 2 (digit recognition) and 3 (character
recognition). Readers interested only in dynamic classifier selection can skip to Chapters 4 and
5.

1.1 Objectives

The objectives of this work are:

• Perform an analysis of feature extraction techniques for handwritten recognition prob-
lems;

• Propose a method for the combination of multiple feature extraction techniques for hand-
written recognition;
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• Analysis of the behavior of the state-of-the-art methods in DCS;

• Propose two new DCS techniques to overcome the limitations of previous systems.

1.2 Ensemble of Classifiers

Ensemble of Classifiers have been widely studied in the past years as an alternative to increase
efficiency and accuracy [8, 6]. The main motivation for using combination of classifiers derives
from the observation that different classifiers usually commits errors in different patterns. The
advantages of the individual (base) classifiers are combined in a final solution. This leads to a
system that presents more accurate results. There are many examples in the literature that show
the efficiency of ensemble of classifiers in many tasks, such as: handwritten recognition [5, 4,
2], signature verification [11], face detection [12], image labeling [13] and so forth.

There are two basic approaches for combination of multiple classifiers: selection and fu-
sion. A combination of selection and fusion is also possible [14]. The selection and fusion
approaches are described below.

1.2.1 Classifier Fusion

In the classifier fusion techniques [8, 15, 16, 17, 18, 2], every classifier in the ensemble is used
and the outputs are aggregated using a function (e.g. product rule, averaging, majority vote). A
typical ensemble fusion system is shown in Figure 1.1.

Test

Pattern

Classf. 1

Classf. 2

Classf. N

Combiner Output......

Figure 1.1 Overview of a classifier fusion system.

The basic fusion rules are the Sum, Product, Maximum, Median, Majority Voting and the
ideal combination Oracle. The rules are briefly described below. For all definitions, x is the
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input vector, i is the i-th class, and j is the j-th classifier. Pi j (x) is the posteriori probability
obtained by the j-th classifier for the i-th class with respect to the input x. Theoretical analysis
of the rules can be found in [8, 7].

Sum rule

This rule is simply computed by adding the probabilities estimates obtained by each clas-
sifier and selecting the class with the highest value after the sum. This rule can reduce noise
when the classifiers have a different noise behavior, thus achieving better performance [10].
The different noise behavior happens when classifiers are trained in different feature spaces ,in
the same feature space but using different partitions of the training set or when the classifier
models are different. This rule can be denoted by the equation below.

Ci (x)∼ argmax

{
∑

j
Pi j (x)

}
(1.1)

Product Rule

This rule obtains reliable confidence estimates when the classifiers are completely indepen-
dent. The drawback of this rule is when one of the classifiers makes a estimation that is very
small or even zero, leading to misclassification. The rule is defined by equation 1.2.

Ci (x)∼ argmax

{
∏

j
Pi j (x)

}
(1.2)

Median Rule

This is a robust version of the sum rule. Equation 1.3 defines the median rule.

Ci (x)∼ Med j
(
Pi j (x)

)
(1.3)

Maximum Rule

This rule selects the classifier that have the maximum posterior probability, in other words,
the classifier that is most confident in its answer. This can be seen as a classifier selection rule
different than the other that are fusion rules. The problem using this approach occurs when
some classifiers are over trained. The Maximum rule is denoted by the equation 1.4.

Ci (x)∼ Max j
(
Pi j (x)

)
(1.4)
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Majority Vote Rule

This rule works upon hard labels (i.e., classes instead of probabilities). It works simply by
selecting the class with the highest number of votes from the experts.

Oracle

This is an abstract combination rule. This combination rule produces the correct output if at
least one of the classifiers of the given ensemble can correctly classify the input pattern. Thus
this is a theoretical rule that can measure the limit of the ensemble. The purpose of using the
Oracle is to compare the performance of the combination rules with the theoretical limit of the
combination.

There are many other fusion rules such as Weighted Majority Vote [6], Dempster-Schafer
combination [19, 20], Borda Count [3], Behavior Knowledge Space [2], Fusion Matrix [17],
Decision Templates [21], Quadratic Programming [15] and so forth. Furthermore, another
different classifier can also be trained to fuse the outputs [18, 5, 4].

1.2.2 Classifier Selection

In classifier selection [22, 23, 24, 25] the idea is to search for the most competent or a subset
with the most competent classifiers for the problem. Only the most competent classifier(s)
is(are) used to give the output. These methods can also be static or dynamic.

In static selection, the search for the best ensemble is obtained during the training stage.
This task is performed using optimization algorithm, such as genetic algorithm [26, 27] and
greedy search [28], according to a search criteria that can be the majority vote performance [27],
diversity measures [28] or multi-objective [26]. In this strategy, a fixed number of classifiers
is selected and is used in the test phase. Figure 1.2 presents an overview of static classifier
selection.

In dynamic methods the search for the best ensemble is conducted in the test phase. The
search is performed in order to select the best classifiers for a specific test pattern. In other
words, the ensemble changes according to each input. The search for the best ensemble is done
by computing the accuracies of the classifies according to the regions around the input pattern
(regions of competence). These regions can be defined by the k-NN algorithm [22, 24, 25, 23,
29] or by clustering [30, 29]. Figure 1.3 shows a dynamic classifier selection method.



6 CHAPTER 1 INTRODUCTION

Select N Classifiers
Training 

set

Test

Pattern

Classf. i

Classf. j

Classf. k

Combiner Output......

Figure 1.2 Overview of a static classifier selection.

Select the best

Classifiers

(at least one)

Test

Pattern

Classf. i

Classf. j

Classf. k

Combiner Output......

Figure 1.3 Overview of a dynamic classifier/ensemble selection.



1.2 ENSEMBLE OF CLASSIFIERS 7

1.2.3 Diversity

The diversity plays an important role in the performance of the ensemble. It is known that
the ensemble can only perform better than the best individual classifier when there is diversity
among the classifiers [31]. It is known that some diversity measures, such as the Double Fault
(DF) measure [32] and the coincident failure diversity [33], present correlation with the ensem-
ble accuracy [34]. For this reason, some authors have successfully used diversity as criteria to
generate the ensemble [35, 29]. The DF measure is denoted by Equation 1.5).

DFi, j =
N00

N00 +N01 +N10 +N11 (1.5)

In this equation, Ni j is the number of examples correctly classified (1) or misclassified
(0) for the classifiers i and j respectively. It can be simply seen as the probability that both
classifiers misclassify the same pattern. Other diversity measures can be found in [34]. A
methodology to visualize the diversity among a set of classifiers is described in the next section.

1.2.4 Classifier Projection Space

The Classifier Projection Space (CPS) has been used as a visualization tool for analyzing the
difference (diversity) between the base classifiers and as an argument for the selection of a
specific combining rule [36]. The idea behind CPS is to have a tool (plot) for visualizing
the relations between the classifiers. Classifiers that are close to each other are the ones with
similar behavior where classifiers distant to each other are more diverse and consequently have
different behavior. Therefore, it can be used in a way to better analyze the quality of the
ensemble. Having many classifiers close to each other means that the classifiers are most
identical and their combination is unlikely to improve the performance. Otherwise, if some of
the classifiers are distant it mean they are different and therefore they are complementary.

The CPS is defined as Rκ space where the classifiers are represented as a set of n points and
the Euclidean distance between them are identical (or a approximation in cases of dimensional-
ity reduction) to theirs dissimilarities [36]. The CPS is computed based on a N×N dissimilarity
matrix D, where D(i, j) is the dissimilarity between classifier Ci and classifier C j and N is the
number of classifiers. D(i, j) can be computed by any diversity/similarity measures such as the
Double Fault rule presented above (Equation 1.5). With the Dissimilarity matrix D, the CPS
projection is obtained by the Multi-Dimensional Scaling projection onto the space R2. Simi-
larly to [36], we use the Sammon mapping [37] to compute the CPS. Figure 1.4 and 1.5 show
an example of the CPS using the DF measure for the Banana and Lithuanian datasets from the
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Matlab PRTOOLs toolbox.
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Figure 1.4 Example of the Classifier Projection Space for the Banana dataset.
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Figure 1.5 Example of the Classifier Projection Space for the Lithuanian dataset.

1.2.5 Ensemble Generation

Another very important point in ensemble of classifier is the method used to generate the base
classifiers. It is desirable that the base classifiers are different, when the classifiers are diverse
enough. Otherwise the ensemble performance is unlikely to improve on a single classifier
performance [6]. Duin [10] describes six methodologies for the generation of a consistent set



1.2 ENSEMBLE OF CLASSIFIERS 9

of base classifiers which are described below. The methodologies are in ascending order of
success in creating a diverse EoC.

Different Initializations

When the classifiers is dependent of initialization parameters, different initialization result
in different classifiers. That is the case of neural network, which its results is dependent on the
initial weights.

Different Parameter choices

Different choice in the parameters also produces different classifiers. That is the case of the
number of neighbors in the k-NN classifier, learning function in a neural network classifier, the
kernel in the support vector classifier and so forth.

Different Architectures

Different neural networks architectures, such as Multi-Layer Perceptron (MLP) or Radial
Basis (RBF).

Different Classifiers

The use of different classifiers, such as, neural networks, support vectors, decision trees,
trained using the same training set.

Different Training Sets

That is the case when the base classifiers are generated using different sets or different
partitions of the training set. The bagging [38] and boosting [39] are examples of algorithms
that produces base classifiers using by different training sets.

Different Feature Spaces

Some objects can be represented in different domains (different feature sets). That is the
case of many image recognition problems like handwritten recognition which there are sev-
eral different ways to extract features, hence, different feature spaces. This is know to be
the method that generate the most independent and complementary classifiers. Thus, the best
way to combine classifiers is to combine using different feature sets. The Random Subspaces
method [40, 41] can be considered in this section.

In this work we explore the use of different feature spaces when dealing with handwritten
recognition problem (each feature extraction technique is a different feature space) and the use
of different training set for the dynamic classifier selection techniques.
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1.3 Organization

This dissertation is organized as follow:

1. Chapter 1.2 introduces ensemble of classifiers. All the major topics regarding ensem-
ble of classifiers are explained: Combination rules, types of ensembles, diversity and
methodologies to create ensembles. The concepts presented there are the basic structure
of the following chapters.

2. Chapter 2 presents the proposed solution for high recognition rates in handwritten digit
recognition using ensemble of classifiers. The system is composed of six feature extrac-
tion techniques each one using different approaches such as, concavities, gradient, edge
detection and so forth. An analysis is performed to show that the features extracted are
both, independent and complementary. We propose a combination using a MLP that uses
the training data to optimize the classifier combination. Results show that the proposed
approach outperformed previous systems for the MNIST handwritten digits database.
The proposed idea was presented at the International Conference on Systems, Signals
and Image Processing (IWSSIP 2010).

3. Chapter 3 extends the system proposed in Chapter 2 to deal with the recognition of char-
acters. Some differences regarding the number of classes and the unbalanced number of
patterns per class are discussed. New feature extraction algorithms are presented in order
to handle a harder problem. Experiments made using the novel C-Cube dataset shows
the efficiency of the combination of multiple feature extraction techniques. The system
proposed in this chapter was presented at the International Joint Conference on Neural
Networks (IJCNN 2010).

4. Chapter 4 an analysis of the performance of Dynamic Classifier/ensemble Selection algo-
rithms according to the regions of competence is performed. In this chapter we demon-
strate the DCS techniques are limited to the quality of the regions of competence and
based on that propose a new technique that achieves better results by improving the
quality of the regions of competence. The proposed technique has been accepted for
publication in the International Joint Conference on Neural Networks (IJCNN 2011)

5. In Chapter 5 a novel dynamic ensemble selection system that use a selector constructed
using training data and contextual information is proposed. The proposed system is capa-
ble of handling contextual information and also adapts itself to the classification problem.



1.3 ORGANIZATION 11

6. Chapter 6 presents the contributions of this works and some ideas for future research.

Each chapter of this dissertation corresponds to one published (submitted) paper. The Chap-
ters are independent and can be read separately. There are no connections between them.





CHAPTER 2

Handwritten Digit Recognition Using Multiple
Feature Extraction Techniques and Classifier

Ensemble

Handwritten digit recognition is one of the most important areas in computer vision [9]. This
importance is due to many potential applications such as post mail sorting, bank check analysis,
form processing and so forth.

The major problem in a handwritten recognition system is the diversity of the handwriting
styles, which can be completely different for different writers. This variability is so evident
that some systems can identify the writer based only on his writing style [42, 43, 44]. Even
the same writer can change his writing style due to variation on neurological conditions, type
of the pen and hand position [43], especially for characters with complex shapes [45]. These
conditions make this one of the most challenging problems in the pattern recognition field.

The selection of the feature extraction algorithm is known to be an important factor in
determining the performance of the recognition system [9]. But, because of the high variability,
it is very difficult to design a single feature extraction algorithm that can recognize every kind
of image.

In this chapter, six feature extraction methods are evaluated using MLP networks as clas-
sifier. Two of these methods are modified versions proposed by the authors. The other were
published in previous works and proved to be successful. Results demonstrate that each feature
extraction technique have better power to recognize some types of digits.

After, we propose the use of multiple feature extraction techniques and a combination of
these methods in order to achieve a very high recognition performance. The idea of using
different feature extraction techniques comes from the fact that each technique presents bet-
ter performance for different types of digits, hence they are complementary. The system is
based on the divide and conquer paradigm, instead of using large and computationally expen-
sive classifiers, the proposed approach divides the problem into smaller sub-problems, each
feature extraction techniques can be seen as a sub-problem, and combines the results of these
sub-problems to give the final classification. This is made by combining the classifiers that are

13



14CHAPTER 2 HANDWRITTEN DIGIT RECOGNITION USING MULTIPLE FEATURE EXTRACTION TECHNIQUES AND CLASSIFIER ENSEMBLE

trained on different features spaces. The idea of combining different features spaces comes
from the observations made that the combination of classifiers in different feature spaces is the
most effective way of combining classifiers and usually presents better results than any base
classifier [10]. This occurs because each feature extraction method extracts different informa-
tion from the image that are both independent and complementary.

For this purpose, a diverse set of feature extraction methods using different approaches,
such as Edge Detection, Projections, Gradient, and Concavities is selected. The diversity of
the feature sets is also studied and serves as a motivation in using the multiple feature extrac-
tion techniques. A novel ensemble system for handwritten recognition using multiple feature
extraction techniques and using a trained classifier to perform the combination is proposed in
order to achieve high recognition rates. A MLP neural network is trained using the outputs of
the classifiers in the training data to perform the combination.

In order to show the efficiency of the proposed approach, experiments are conducted using
the well-known MNIST handwritten digits database. The results show that the combination of
the different feature sets greatly improves the system performance. The results using a MLP
network achieved a recognition rate of 99.68% for the MNIST database which is the very best
result for this database so far.

This chapter is organized as follow: Section 2.1 the state-of-the-art in handwritten digit
recognition is presented. Section 2.2 introduces the six feature extraction techniques used in
this chapter. The experiments and results of each feature extraction algorithm are shown in sec-
tion 2.3. Section 2.4 introduces the proposed ensemble system. The diversity among the feature
sets is analyzed in order to motivate the ensemble approach. Section 2.5 presents an analysis
of the errors obtained by the proposed combination. Conclusion is presented in Section 2.6.

2.1 Related Work

Many researches have been conducted in both feature extraction and classification, in the last
years, improving the recognition rate of handwritten digit recognition systems. Lauer et al. [46]
proposed a system using Convolutional Neural Networks (CNN) in conjunction with support
vector machines (SVM) for classification. Affine and elastic transformations were used to
increase the number of training patterns. Simmard et al. [47] used a Convolutional Neural Net-
works and elastic distortions to increase the training set. A support vector classifier using the
one-versus-rest approach [48] and gradient based features was proposed by Liu et al. [49]. Kus-
sul et al. [50] proposed a feature extraction algorithm which uses the concept of random local
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descriptors (RLD) that allows extracting not only features but the position of the features in the
image. Large CNN with unsupervised pre-training, on each hidden layer, was used by [51, 52].
Sparse Coding, Principal Component Analysis (PCA) and Gabor wavelets are used as feature
extractors in [53]. The LIRA(LImited Receptive Area Classifier) was proposed in [54], which is
based on the Rosenblatt perceptron. Zhang et al. [55] proposed a cascade system with rejection
scheme for high reliability. A deep neural network with six layers and many neurons per layer
was recently proposed by [56] yielding very low error rates. Images created through distortions
were also used in this work. It can be seen that most of these works relies on large neural net-
works (convolutional neural networks) and distortions (transformations) to create new training
patterns. That is required due to the high variability in the handwriting styles. However, there
is a high computational cost involved in using such networks. For instance, the neural network
proposed by Ciresan et al. [56] have more than 12 millions connections which is very time
consuming.

2.2 Feature Extraction For Handwritten Digit Recognition

Feature extraction can be defined by the extraction of the most important information to perform
the classification for a given task [57]. There are several feature extraction techniques proposed
and its choice can be considered the most important factor to achieve high accuracy rates [9].
The algorithms used in this work are summarized below. Two of them, Multi Zoning and the
Modified Edge Maps, are proposed by the author.

2.2.1 Feature Set I: Structural Characteristics

This algorithm combines projections and profiles, in a single feature vector. The input image
is scaled into a 32×32 image. Horizontal and vertical projections are computed by summation
of the number of black pixels in each line and column respectively. 32 features are generated
by each projection. Radial projection is computed based on the number of black pixels in 72
at 5 degree intervals. The centroid of the image is used as starting point. Examples of the
projections for a digit “5” are shown in Figure 2.1. Radial In-Out and Radial Out-In profiles
are computed by the position of the first and the last black pixel, respectively, from a search
that starts from the centroid of the image and goes to the border in 72 directions at 5 degree
intervals. Thus, each profile generates 72 features. These features form a 280-dimension (32
horizontal projection + 32 vertical projection + 72 radial projection + 72 In-Out Profile + 72
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Out-In profile) feature vector. Details of this technique can be found in [58].
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Figure 2.1 Feature Set I: Example of projections for a digit five.

2.2.2 Feature Set II: Modified Edge Maps

An M×N image is thinned [59] and scaled into a 25×25 matrix. Sobel operators [60] are used
in the whole image to extract four distinct edge maps: horizontal, vertical and two diagonals
(45° and −45°). These four maps and the thinned image are divided into 25 sub-images of 5×5
pixels each. Figure 2.2 shows the steps to obtain each sub-image. The features are obtained
calculating the percentage of black pixels in each sub-image (25 features for each map). The
features are combined to form a single feature vector containing 125 (25× 5) features. This
algorithm is a modified version of the Edge Maps proposed by Chim et al. [61]. The original
algorithm does not compute the percentage of black pixel per sub-image, instead it uses the
value of the pixels as features.

2.2.3 Feature Set III: Image Projections

This method consists of extracting the radial and diagonal projections. To extract the radial
projections, the image must first be divided into four quadrants: top, bottom, right and left. The
quadrants are used to remove rotation invariance. The invariance is undesirable in handwritten
recognition since it becomes impossible to distinguish between some digits (e.g. digits 6 and
9). Radial projections are obtained by grouping pixels by its radial distance to the center of the
image in each quadrant separately. The diagonal projection is computed simply by grouping



2.2 FEATURE EXTRACTION FOR HANDWRITTEN DIGIT RECOGNITION 17
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Figure 2.2 Feature Set II: Example of thinning for a character "A".

pixels by the two diagonal lines (45° and −45°). More details of this procedure is described
in [61]. The values of each projection are normalized to a range [0;1]. The normalized features
are concatenated into a single vector containing 128 features (16 for each radial projection and
32 for each diagonal projection).

2.2.4 Feature Set IV: Multi Zoning

In this algorithm, an M ×N image is divided into several sub-images and the percentage of
black pixels in each sub-image is used as feature. To achieve better recognition performance,
many different configurations of division were selected and concatenated to form the feature
vector. A total of thirteen different configurations (3× 1,1× 3,2× 3,3× 2,3× 3,1× 4,4×
1,4×4,6×1,1×6,6×2,2×6 and 6×6) were chosen, resulting in 123 (3+3+6+6+9+
4+4+16+6+6+18+18+36) features.

2.2.5 Feature Set V: Concavities Measurement

The following steps are used to extract the features. Firstly, the image (Figure 2.4(c)) is scaled
into an 18×15 matrix and is divided into six zones. Each part contains its own 13-dimension
feature vector. Each position of the feature vector corresponds to one of the 13 possible config-
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Figure 2.3 Feature Set IV: The thirteen configurations used in the Multi-Zoning technique.

urations (Figure 2.4(d)).
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Figure 2.4 Feature Set V: Example of the steps of the Concavities Measurement.

For each white pixel (background), the algorithm conducts a search, starting from the pixel,
and moving in each of the four “main directions” (Figure 2.4(a)). The search is performed
until a black pixel (foreground) found or the end of the image is reached. At the end, the
number of directions that found a black pixel and the directions that the black pixel was found
is computed. They corresponds to one of the 13 possible configurations (Figure 2.4(d)). Thus,
the configuration in the feature vector corresponding to the result of the search is incremented.
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However, in some cases the search can find a black pixel in the four “main directions” but the
pixel is not inside a closed area. In order to guarantee that the white pixel is inside a closed
region, a new search is performed using the “auxiliary directions” (Figure 2.4(b)). If the search
using one of the auxiliary directions reaches the end of the image without finding a black pixel,
the correct configuration(from the 10th to the 13th) is incremented .Otherwise the point is in a
closed contour and the search correspond to the ninth position.

To better understand the method, we analyze two cases. In the case of P1, the configura-
tion found correspond to the sixth position of the vector (Figure 2.4(e)) and this position is
incremented. In the case P2, the search in the four main directions found a black pixel. The
auxiliary directions where used and found that the point is not on a closed region (The botton
right auxiliary direction did not find a black pixel). Therefore, the configuration found in P2

corresponds to the thirteenth configuration.

These steps are computed for the six parts separately. The feature vectors of each zone are
combined into a single vector with 78 (13×6) features. A detailed description of the algorithm
is presented by Oliveira et al. [62].

2.2.6 Feature Set VI: MAT-Based Gradient directional features

This algorithm computes the gradient components of a grayscale image. Thus, the first step
of this procedure is to transform a binary image into a pseudo-grayscale one by the Medial
Axial Transformation (MAT) algorithm. The Sobel horizontal Sx and vertical Sy operators [60]
are applied to the pseudo-grayscale image Im generating the X-gradient image Imx and the Y-
gradient image Imy . They are defined as:

Imx = Im ∗Sx (2.1)

Imy = Im ∗Sy (2.2)

For each pixel, amplitude r (i, j) and phases Θ(i, j) are computed using the equations be-
low:

r (i, j) =
√

I2
mx
(i, j)+ I2

my
(i, j) (2.3)

Θ(i, j) = tan−1
I2
my
(i, j)

I2
mx
(i, j)

(2.4)
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In order to generate a fixed number of features, eight directions are considered at π/4 inter-
vals. The phase of each pixel Θ(i, j) is quantized into one of the eight directions. Thereafter,
the image is divided into 16 equally spaced sub-images and for each sub-image, the number of
pixels in each of the eight directions is used as feature. Thus, the feature vector size is equal to
128 (16 sub-images × 8 directions). Details of this feature extraction algorithm can be found
in [55].

2.3 Experimental Results

In order to show the efficiency of the proposed method, the experiments are conducted using
the well-known MNIST handwritten digit database. This database was selected because it is a
public database and has been widely used as handwritten digit benchmark. Details about the
MNIST database are explained in the next section.

2.3.1 MNIST Database

The MNIST1 database was constructed using images from the NIST special database 1 and 3.
The images were collected among Census Bureau employees and high-school students. This
database contains 60,000 images for training and 10,000 images for test. All the images in the
dataset are size-normalized and centered in a 28×28 image.

The advantage of using this database is twofold. First the images are already pre-processed.
There is no need to spend high efforts on pre-processing stages. Second, it already comes
divided into test and training set. Therefore, results obtained by different researchers can be
easily compared.

2.3.2 Results MNIST

All the experiments are conducted using a three layers MLP trained using the Resilient Back-
propagation [63] algorithm (RPROP). The RPROP algorithm was chosen because it presented
both a faster convergence and better results when compared with the conventional Backprop-
agation. For each feature set, the number of nodes in the hidden layer are selected using the
cross-validation method [64].

After preliminary tests, the best configurations for each feature set were selected. For the

1http://yann.lecun.com/exdb/mnist/



2.3 EXPERIMENTAL RESULTS 21

methods Edge Maps and Gradient Directional the number of nodes in the hidden layer is 300.
For the methods Zoning, Structural Characteristics, Concavities Measurement and Image Pro-
jections the number of nodes in the hidden layer are 360, 340, 175 and 330, respectively.
Table 2.3 presents the best results for each feature set. Mean and standard deviation are shown
in Figure 2.5

Table 2.1 Best results for each feature extraction method for the MNIST database
Digit Structural Edge Projections Zoning Concavities MAT Grad.

0 98.88% 97.86% 98.17% 98.88% 96.13% 97.96%
1 99.12% 98.15% 98.42% 98.95% 98.33% 98.68%
2 96.03% 95.26% 95.26% 96.23% 95.66% 95.16%
3 96.14% 94.76% 94.76% 96.84% 91.69% 94.46%
4 97.25% 92.15% 96.33% 97.05% 92.98% 96.94%
5 95.63% 94.73% 93.61% 96.96% 95.56% 96.30%
6 97.81% 96.66% 97.18% 97.08% 96.35% 97.39%
7 96.89% 93.77% 95.43% 95.62% 94.38% 95.04%
8 96.00% 93.54% 93.74% 95.90% 89.64% 95.54%
9 95.60% 90.58% 93.85% 95.16% 92.11% 92.66%

Mean 96.95% 94.78% 95.72 96.84% 94.31% 95.83%

It can be seen that different feature sets have a better discriminative power for certain classes
of digits, especially for the digits with more complex shapes, such as eight and nine. For the
digits zero, one, four and seven the structural characteristics presented the best results while
for the digits two, three, five, eight and nine the modified zoning technique presented the low-
est error rate. Thus, the different feature extraction algorithms presents better recognition for
different classes of digits.

Figure 2.6 shows the diagram of the intersection of errors between three methods: Structural
Characteristics, Multi-Zoning and Concavities Measurement. Only nine images are misclassi-
fied by these three methods at the same time. The intersection of the Concavities Measurement
with the other two produces a very small number. It is important to note that, Although the
concavities measurement presented the highest error rate, the misclassifications made by this
technique are in different patterns in relation to the other. Therefore, it is important to use
the concavities measurement even though this technique presented the highest error rate. This
might be explained by the fact that the Concavities Measurement works upon background pix-
els (white pixels) while the other works upon foreground pixels (black pixels).

When the six feature sets are considered, 1560 different digits presented errors (error made
by more than one feature set is counted as one error). The majority of errors are made by only
one feature extraction method (1026), while none are made by all of them. The numbers of
samples that are misclassified per number of methods are shown in Table 2.2. The number of
errors made by only one method (any method) is shown in the first column. The numbers of
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Figure 2.5 Mean and standard deviation for each feature extraction technique

errors made by only two methods (any two) is shown in the second column and so forth. These
numbers show the information of these six features sets are really complementary. This can be
explained by the diversity on the feature extraction algorithms. It is also important to observe
that none pattern was misclassified by all feature sets. Therefore, an ideal combination of these
six techniques would achieve a 100% recognition rate for the MNIST database. For this reason,
we will only use these six feature sets to create the ensemble system for the MNIST database.
The problem now is how to find the best combination scheme for this given task. This will be
presented in Section 2.4.

Table 2.2 Distribution of errors between techniques for the MNIST database
No. of tech-
niques which
made the same
error

1 2 3 4 5 6 Total

No. errors 1026 223 119 188 4 0 1560
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Figure 2.6 Number of errors obtained in the feature sets Structural Characteristics, Zoning and Con-
cavities Measurement for the MNIST database.

2.4 Ensemble Systems

The use of EoC for this problem comes from the advantage in combining classifiers working
on different feature sets. Each feature set is a different transformation of the image into the
feature space. Thus, a pattern that might be hard to classify in one feature set because it is near
the decision boundary, the same can be easily recognized in other feature space because it is
distant to the decision boundary.

2.4.1 Diversity Among Feature Extraction Techniques

In order to measure the difference among the feature extraction techniques, the Double Fault
(DF) measure, previously defined (Section 1.2.3), was selected because of its correlation with
accuracy. The DF is applied to the validation set to compute the dissimilarity matrix D among
the classifiers. However, the DF is a similarity measure (higher value means the classifiers are
less diverse). Because of that we use the inverse of the DF to create the dissimilarity matrix D.
Figure 2.7 presents the classifier projection space plot for the MNIST database. It can be seen
that the points are really distant to each other, especially the Concavities Measurement classifier
which enforces the result shown in Figure 2.6 and the importance of using this technique.
The distance among the classifiers can be explained by the fact we used feature extraction
techniques that are based on different approaches (edges, gradient, structures). The advantage
of some methods can overcome the deficiency of other. Thus, they are complementary.
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Figure 2.7 Classifier Projection Space of the MNIST dataset using the Multi Dimensional Scaling
(MDS).

2.4.2 Trained Combiner

It was concluded by Duin [10] that only in very strict conditions the fixed combination rule
achieve the best results. Normally they present sub-optimal results which are far from the
performance of the Oracle.

In order to achieve a better performance on the combination of classifiers, we introduced
the use of trained combiners. Trained combiners usually present better performance because
the combiner can adapt itself to the classification problem [10]. In this methodology the outputs
of the base classifiers (posteriori probabilities) are used as input features to a new classifier that
will perform the combination. These outputs obtained in the training set are used to train the
combiner. Thus, the combiner is able to learn the behavior of the classifiers and then perform a
most accurate combination.

For the trained combiner, a MLP network with one hidden layer was used. Neural networks
are good candidates as trained combiners because they are robust against noise. Thus, even
when some of the classifiers presents errors due to over training or weak performance, the
neural network as combiner can still give the correct answer. The Resilient Backpropagation
algorithm is used to train the MLP combiner.
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2.4.3 Ensemble Results

In this section the results obtained by the combination of the feature extraction techniques
are presented. The results obtained by the trained combination is compared to the fixed rules
previously introduced (Section 1.2.1). The proposed system is shown in Figure 2.8.

For the trained combiner, a MLP neural network was used as combiner. The MLP was
trained with the RPROP using 50,000 images of the training set (5,000 per digit) for training
and 10,000 images (1,000 per digit) for validation. For each image, the posteriori probability
are estimated by each feature extraction method and used as features to the network. Therefore,
the network has 60 inputs (10 classes × 6 feature sets). The number of neurons in the hidden
layer was set to 50. Table ?? shows the results obtained by the combination methods for the
MNIST database.

Figure 2.8 The proposed ensemble system for handwritten digit recognition.

Table 2.3 Best results for each feature extraction method for the MNIST database
Digit Structural Edge Projections Zoning Concavities MAT Grad.

0 98.88% 97.86% 98.17% 98.88% 96.13% 97.96%
1 99.12% 98.15% 98.42% 98.95% 98.33% 98.68%
2 96.03% 95.26% 95.26% 96.23% 95.66% 95.16%
3 96.14% 94.76% 94.76% 96.84% 91.69% 94.46%
4 97.25% 92.15% 96.33% 97.05% 92.98% 96.94%
5 95.63% 94.73% 93.61% 96.96% 95.56% 96.30%
6 97.81% 96.66% 97.18% 97.08% 96.35% 97.39%
7 96.89% 93.77% 95.43% 95.62% 94.38% 95.04%
8 96.00% 93.54% 93.74% 95.90% 89.64% 95.54%
9 95.60% 90.58% 93.85% 95.16% 92.11% 92.66%

Mean 96.95% 94.78% 95.72 96.84% 94.31% 95.83%

It can be seen that all combination rules greatly improved the performance in comparison
to all (feature extraction, classifier) pair 2.3. The proposed MLP combiner outperformed, by
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a good margin, all fixed combination rules. This combination presented a 0.32% error rate
which is very close to the Oracle performance (ideal combination). This can be explained by
the ability of the network in learning how to perform the best combination using the training
set. The Maximum rule also presented a good result, which can be explained by the ability
some of these feature extraction methods have to recognize certain types of digits.

A paired t-test with 95% confidence interval was performed in order to show the use of en-
semble of classifier statsitically improves the results upon a pair (feature extraction, classifier).
Results show that every combination rule is statistically better than any of the pair (feature
extraction, classifier) alone. Among the combination rules, the result obtained by the MLP
combiner in relation to the maximum rule was not statistically significant, however, the mean
result is higher. We are dealing with system having very high recognition rates (above 99%)
and we believe that any gain in performance is important to this kind of application.

The best results obtained in the last years for the MNIST database are shown in Table 2.4.
The proposed combination scheme outperformed all the previous results on this database. It
is also important to observe that many of the best results [65, 46, 47, 51, 52] are based on
Convolutional Neural Networks. They also need to increase the training set using distor-
tions [65, 46, 47, 51, 50, 56]. Thus, this paper shows a different approach to achieve high
performance in handwritten recognition and without the need of increase the training set by
distortions.

2.5 Analysis of Errors

Figure 2.9 shows the misclassified images using the neural network combiner. Based on these
images, it can be seen that many of the misclassifications are made in digits that are ambiguous
either by noise, distortion, segmentation problem or peculiar writing style. To increase the
reliability of the system, a strategy to reject these ambiguous digits must be investigated. On
the other hand, some of the misclassified digits can be easily recognized by humans. Therefore,
the recognition rate in this database can still be improved. The utilization of pre-processing
algorithms such as slant normalization can also improve the results since some of the errors,
especially the errors on the digit 9, which are mainly on characters that are slanted.
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Table 2.4 Comparative Results for the MNIST Database
Method Distortions Error(%)
Trainable feature ex-
tractor + SVM [46]

- 0.83

Boosted LeNet-4 [65] Affine 0.70
Large convolutional
net + unsupervised
pretraining [52]

- 0.53

unsupervised sparse
features + SVM [53]

- 0.59

Trainable feature ex-
tractor + SVM [46]

Affine 0.54

PNCN classifier [50] Skewing 0.44
Cascade ensemble
classifier (without
rejection) [66]

- 0.41

Convolutional neural
networks [47]

Elastic 0.40

Large convolutional
net + unsupervised
pretraining [51]

Elastic 0.39

Large Deep MLP [56] Affine and Elastic 0.35
Proposed - 0.32

Figure 2.9 List of misclassified images using the MLP combination scheme. The correct and predicted
class are shown inside the parentheses.
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2.6 Conclusion

In this chapter, we propose a combination of multiple feature extraction techniques for hand-
written recognition problems. In the proposed system a classifier is trained in order to perform
the combination of the features sets. The MLP classifier as combiner presented the best result
in all experiments. This can be explained by the fact that the combiner really adapted itself
to the problem. The classifier learns how to getting a performance closer to the ideal combi-
nation. The MLP network is also robust against noise which also improved on the combiner
performance

The system is based on the divide and conquer paradigm. The problem is divided into
pairs (feature extraction, classifier) each pair with its own advantages. These are much simpler
and less computational expensive than the state-of-the-art systems and the final classification is
made by the combination of these smaller sub-problems. This also presents the advantage of a
parallel architecture as each feature extraction technique can be processed independently. This
gives us a great advantage in recognition time, especially when compared to the other results
which uses very large and computational expensive classifiers. The average computational time
for extract the features and classify is 4ms per image. Computational time of other experiments
are not available for comparison. Unfortunately, most of the state-of-the-art works do not
present the computational time for comparison.

It can be seen that in all experiments, the combination rules outperformed the results of the
best classifier. This improvement can be explained by the fact that the combination was per-
formed using different feature spaces. As mentioned before combination of different feature
spaces achieves the best results in combining classifiers. This indicates the use of multiple fea-
ture extraction techniques is a very promising approach for further development in handwritten
digit recognition.



CHAPTER 3

An Ensemble Classifier For Offline Cursive
Character Recognition Using Multiple Feature

Extraction Techniques

In this chapter we extend the handwritten digit recognition system presented in the previous
chapter to wotk with cursive character recognition. Working with cursive character there are
additional problems, such as:

• The high number of classes 52 (26 lower case letters and 26 upper case letters) which
increases the number of misclassifications among classes;

• Unbalanced number of patterns. The frequency each character is used varies consider-
ably, there are much more instances for the letters a and l than for the letters z and v;

• The characters are much harder to be segmented, they are often connected to each other
when forming words. Thus, the resulting often presents deformations or noise.

• The characters shapes are more complex (there are more curves) and there are more
variability in writing style.

These problems makes the recognition of cursive character a more complicated problem
when compared to handwritten digit recognition. For handwritten digit recognition, many of
the recent works show a recognition rate superior to 99%. For character recognition the highest
rates are around 90%. Therefore, breakthrough improvements can still be done [67].

In this chapter we explore some of these problems and adapt the proposed handwritten digit
recognition system to deal with cursive character recognition. Three new feature extraction
algorithms are introduced in order to achieve better results. Experiments were conducted using
the new C-Cube database [68]. Two different tests were performed. First splitting the dataset
into lower case and upper case and other using the whole dataset but joining some lower and
upper case letters into the same class in a attempt to deal with the high number of classes.

All feature sets (the six defined in the last chapter and the three new) are evaluated and the
results show the performance of the system greatly varies according to the feature set used.

29
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The variation is even bigger in this case due to the difficulty of the problem. Also we show
the techniques with better accuracy for digit recognition are not among the best in this case,
which demonstrate that the selection of feature extraction depends heavily on the problem. The
combination using MLP network outperformed the previous studies on the C-Cube database
which enforces the importance of the proposed method.

This chapter is organized as follow: Section 3.1 the state-of-the-art in cursive character
recognition is presented Section 3.2 introduces the three additional feature extraction tech-
niques added to the systems. The experiments and results of each feature extraction algo-
rithm are shown in section 3.2.5. Section 3.3.2 introduces the ensemble system. The diversity
among the feature sets is also analyzed in order to motivate the ensemble approach. Section 3.4
presents an analysis of the errors. Conclusion is held in Section 3.5.

3.1 Related Works

For cursive character recognition . In order to deal with this problem Camastra [67] proposed
a combination of support vector machines and neural gas for grouping the classes. Cinthia et
al. [69] uses the concept of metaclasses in order to divide the problem into smaller problems
(but only for upper case letters). Hierarchical Vector Quantization (HVQ) for cursive characters
was proposed in [70] Blumenstein et al. proposes a feature extraction technique that extracts
direction information from the structure of the character contours, the Modified Directional
Features (MDF).

3.2 Feature Extraction

3.2.1 Feature Set VII: Binary gradient directional features

This algorithm computes the gradient components in a binary image. The gradient is computed
using the same steps from the MAT-based method (section 2.2.6), but using the binary image.
A total of 128 features are extracted. Details can be found in [66].

3.2.2 Feature Set VIII: Median Gradient features

This algorithm first filters the base image using a 2D median filter. For this algorithm, the
Robert horizontal [60] Rx and vertical Ry operators, are applied to the filtered image to generate
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the X gradient image Imx and the Y gradient image Imy .

Imx = Im ∗Rx (3.1)

Imy = Im ∗Ry (3.2)

The gradient is computed using the same procedure described in Section ??, generating 128
features. The procedure is described in detail by Zhang et al. [55].

3.2.3 Feature Set IX: Camastra 34D Features

This feature extraction algorithm was proposed by Camastra [67]. The image is divided into 16
sub-images (cells) forming a 4×4 grid with a small overlapping between the sub-images. Two
operators are computed for each cell. The first is similar to the Zoning algorithm, it computes
the number of black pixels (foreground) in relation to the total number of black pixels in the
whole image. The difference is that in the Zoning algorithm, the number of black pixels is
computed in relation to the number of pixels in each zone. The second is a directional operator
that estimates the directions of the pixels. The method defines N equally spaced lines in the
selected direction, then the number of black pixels in each line is computed. The same steps
are performed for the orthogonal direction. The difference between the selected direction and
the orthogonal direction is used as features. The directions selected in this implementation
was 0° having the orthogonal direction 90°. It results in a feature vector with 32 values. Two
additional information are used as global features: The ratio width/height and the fraction of the
character that is below the baseline. Therefore, the final vector consists of 34 features (16×2
local features +2 global features).

3.2.4 C-Cube Database

The C-Cube database is a public database available on the Cursive Character Challenge web-
site2. The database contains 57,293 images including both upper and lower case letters manu-
ally extracted from the CEDAR and United States Post Service (USPS) databases. As reported
by Camastra et al. [68], this database presents three advantages:

1. The database is already divided into training and test sets, so results of different re-
searchers can be rigorously compared;

2http://ccc.idiap.ch/
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2. The database contains not only images but also their feature vectors extracted using the
algorithm proposed by Camastra [67];

3. The results obtained using the state of the art methods still leave space for significant
improvements.

The database is divided into 38,160 (22,274 lower case and 15,886 upper case) images
for training and 19,133 (11,161 lower case and 7,972 upper case) images for test. All image
are binary and with variable size. For each image, additional information are provided, such
as distance between baseline and upper line, distance of the upper extreme from the baseline
and distance of the lower extreme from the baseline. The number of samples for each class is
variable and were selected according to its frequency in documents extracted from the CEDAR
and USPS datasets. Figures 3.1 and 3.2 show the distribution of the letters in the lower and
upper case versions, respectively. It can be seen that there is a big difference in the number of
pattern among the letters.

Thornton et al. [71] observed, through reverse engineering, that the image files (test.chr and
training.chr) available on the C-Cube website do not match the feature vectors (test.vec and
training.vec) available on the C-Cube website. The feature vectors are from a different split
of the database (i.e., some images are on the training set in one split and in the test set in the
other). For that reason Thornton et al. [71] denominated the dataset of the feature vectors files
(training.vec and test.vec) as Split A and the dataset of the image files (test.chr and training.chr)
as Split B. It was also proved that the Split B consists in a more difficult division of the database,
with results around 3 percentile points lower when compared to Split A.

The feature vectors files that correspond to the Split B are available on the following
website: http://www.idiap.ch/~vincia/ccc/, under the names testOrdered.vec and train-

ingOrdered.vec. These files perfectly match the image files test.chr and training.chr that are
available on the C-Cube website.

In this work only the Split B was used for the experiments because the image files of the
Split A are not available.

3.2.5 Results C-CUBE

All the experiments are conducted using a three layers MLP trained using the Resilient Back-
propagation [63] algorithm (RPROP). The RPROP algorithm was chosen because it presented
both a faster convergence and better results when compared with the conventional Backpropa-
gation. For each feature set, the number of nodes in the hidden layer were selected using the
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Figure 3.1 Lowercase letter distribution in the C-Cube Database.
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Figure 3.2 Uppercase letter distribution in the C-Cube Database.

cross-validation method [64].

After selecting the best number of neurons, the MLP networks were trained splitting the
training set (38,160 images) into 30,660 for training and 7,500 for validation. For each feature
set, the additional information provided by the database, i.e., the width/height ratio were added
to the feature vector as global features. These global features contributed to an average increase
between 1 and 2 percentile points in the recognition rate for all feature sets. For the Camastra
feature set, the same vectors available on the website (trainingOrdered.vec and testOrdered.vec)
were used without any modification.

Two different experiments were made: First splitting upper and lower cases and other ex-
periment with both. For the latter, as some letters present the same shape in both upper and
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lower case versions, they were joined into a single class. Camastra [67] used a clustering anal-
ysis to verify whether the upper and lower case versions of the same letters are similar in shape.
The letters (c,x,o,w,y,z,m,k,j,u,n,f,v) presented the highest similarity between the two versions,
and were joined into a single class.

Table 3.1 Recognition Rate by Feature Set for the C-Cube database. Upper and Lower Case letters
Method No. Nodes Upper Case(%) Lower Case(%) Mean(%)

Edge 490 86.52 81.13 83.55
Binary Grad. 490 86.35 79.89 82.58
MAT Grad. 300 85.77 79.22 81.95

Median Grad. 360 85.10 79.48 81.81
Camastra 34D 400 79.63 84.37 81.74

Zoning 450 84.46 78.07 80.74
Structural 320 81.94 77.70 79.53
Concavities 530 73.35 81.89 76.90
Projections 500 71.73 79.90 75.10

Table 3.2 Recognition Rate by Feature Set for the C-Cube database. Joint Case
Method No. nodes (%)

Edge 490 82.49
Binary Grad. 490 81.46
MAT Grad. 300 80.83

Median Grad. 360 79.96
Camastra 34D 400 79.97

Zoning 450 78.60
Structural 320 77.07
Concavities 530 74.90
Projections 500 73.85

The results for the split and joint cases are shown in Tables 3.1 and 3.2, respectively. The
results are ordered by the recognition rates. The proposed Modified Edge Maps algorithm
presented the overall best result. Most feature sets presented better accuracy for the upper
case letters with the exception of the method proposed by Camastra that performed better for
lower case letters. It can be seen that the methods based on directional information such as the
methods that use gradient and the modified edge maps presented the best results. It is important
to observe that these techniques were not among the best for digit recognition (Table 2.3). For
digit recognition the methods using spatial information such as the Multi-Zoning and Structural
Characteristics were the best. This indicates that the cursive character recognition requires
different feature extraction techniques than digit recognition due to the difference in writing
style. For this reason the three new feature sets were included. They use directional information
and therefore suitable for recognizing cursive characters.
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3.3 Ensemble System

The use of EoC for this problem comes from the advantage in combining classifiers working
on different feature sets. Each feature set is a different transformation of the image into the
feature space. Thus, a pattern that might be hard to classify in one feature set because it is near
the decision boundary, the same can be easily recognized in other feature space because it is
distant to the decision boundary.

3.3.1 Diversity Among Feature Extraction Techniques

In order to measure the difference among the feature extraction techniques, the Double Fault
measure, previously defined 1.2.3, was selected because of its correlation with accuracy. The
Double Fault is inverted and applied to the validation set to compute the dissimilarity matrix D

among the classifiers. The CPS for the C-Cube database is shown in Figure 3.3. It is interesting
to observe that some of the classifiers for this database are really close to each other, especially
the methods using gradient. This can be explained by the fact that these methods extracts
basically the same kind of information, with little difference regarding the pre-processing of
the image. Therefore, we confirm that different kind of information such as edges, projections,
concavities is really important when it is desired to have a diverse set of classifiers.
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Figure 3.3 Classifier Projection Space for the C-Cube dataset using the Multi Dimensional Scaling
(MDS).



36CHAPTER 3 AN ENSEMBLE CLASSIFIER FOR OFFLINE CURSIVE CHARACTER RECOGNITION USING MULTIPLE FEATURE EXTRACTION TECHNIQUES

FS I

FS IX

FS II

FS III

MLP I

MLP II

MLP III

MLP IX

X1

X9

X3

X2

Combiner

Y1(X1)

Y3(X3)

Y2(X2)

Y9(X9)

Output

Figure 3.4 The proposed ensemble system for handwritten character recognition.

3.3.2 Ensemble Results

The fusion methods presented in 2.4 are compared with the MLP combiner. The MLP com-
biner was trained selecting 30,660 images from the training set for training and 7,500 images
for validation. For each image, the posteriori probability are estimated in each feature set and it
is used as features to the network. The global information provided by the database as well as
the width/height ration were also included. Thus, the network has 238 inputs (26 classes × 9
feature sets+4 global features) for the split case and 355 inputs (39 classes × 9 feature sets+4
global features) for the joint case. The number of nodes in the hidden layer was empirically set
to 300. The final system was built using the same MLP configurations presented in the exper-
iments above. The neural network combiner was trained using the Resilient Backpropagation
algorithm. Figure 3.4 shows the proposed scheme.

Table 3.3 and 3.4 show the results of the combination for the C-Cube database. The MLP
combiner presented the best result in both experiments. However, in this case the performance
of the trained combiner is still distant from the Oracle. This might be explained by the variation
of the performance of the classifiers which is much higher than in the MNIST case. The product
rule presented the worst result. This might be due to the fact that some of the combination rules
presents a large difference in accuracy between some techniques and this rule has problems
when at least one of the classifiers estimates a very small confidence.

A paired t-test with 95% confidence was performed in order to show the use of ensemble of
classifier statsitically improves the results upon a pair (feature extraction, classifier). Only the
product rule is not statistically significant in relation to each pair (feature extraction, classifier).
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To the other methods the results are significant even using a test with 99% confidence. The
result obtained by the MLP combiner is not statistically better than the sum rule, however, the
mean result is still higher.

Table 3.3 Results of each combination rule for the C-Cube database. Upper and lower case letters
Method Upper Case(%) Lower Case(%) Mean(%)

Sum 91.21 86.94 88.72
Product 85.92 79.52 82.37

Maximum 89.83 85.22 87.14
Median 91.00 87.33 88.86

Majority Vote 90.99 87.44 88.92
MLP Network 91.39 88.45 89.67

Oracle 96.87 97.24 97.09

Table 3.4 Results of each combination rule for the C-Cube database. Joint case
Method (%)

Sum 88.39
Product 85.92

Maximum 85.48
Median 87.23

Sum Vote 87.55
MLP Network 89.34

Oracle 96.45

The best results, obtained in the last years, for the C-Cube database are shown in Table 3.5.
The proposed combination scheme outperformed all the previous results on the Split B of the
database by a good margin. Results using the Split A were not compared because the images
of the Split A version of the database are not available on the website. It is also important to
observe that all the past best results are based on Support Vector Machines (SVM) using the
one-versus-rest approach [48]. This method trains one specific classifier for each class. For this
problem, a large number of classifiers would be required (26 in the best case, 52 in the worst
case) which is one of the drawbacks of these approaches. The proposed system is the first to
show high accuracy using only MLPs.

3.4 Analysis of Errors

Some of the misclassified images for the C-Cube database are shown in Figure 3.5. Below
each image is its ID, the target class and the classification made by the combination scheme
using the MLP network as combiner. Based on these images, it can be seen that many of the
misclassifications were made in characters that are quite ambiguous. Many of them are hard to
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Table 3.5 Comparative results for the C-Cube database. RBF = Radial Basis Network with 5120 cen-
ters, HVQ = Hierarchical Vector Quantization, MDF = Modified Directional Features, SVM = SVM
with Radial basis Kernel

Algorithm Recognition Rate(%)
HVQ-32 [70] 84.72
HVQ-16 [70] 85.58

MDF-RBF [71] 80.92
34D-RBF [71] 84.27

MDF-SVM [71] 83.60
34D-SVM + Neural GAS [67] 86.20

34D-MLP [67] 71.42
This Paper 89.34

be recognized, even by humans. Some patterns clearly present problems either by noise, large
distortions, peculiar writing style and there are also problems made during the segmentation
process as can be seen in the image with ID 9004. To increase the reliability of the system, a
strategy to reject these ambiguous images must be investigated.

One problem found on the results for the C-Cube is due to the unbalanced nature of this
database. The characters with the highest error rates are shown in Table 3.6. The majority of
these characters, g, p, v, z and Q are the ones that have few patterns on the whole dataset as
demonstrated in Figure 3.1 and Figure 3.2. The network could not learn how to classify these
patterns because of the unbalanced number of patterns between different classes. This explains
the high error rates for these letters. For the character p, which is the character with the lowest
number of image in the database, there are only nine images in the training set and four images
in the test set. The all four test images of this character were misclassified due to the low
number of samples in the database.

Table 3.6 Characters With the Highest Error Rates
Letter No. Errors (%)

g 39 30.00
p 4 100.00
v 35 52.23
z 5 64.43
Q 7 38.88
A 119 25.00
F 41 24.84

Another problem happens with characters A and F. These letters have two completely dif-
ferent writing styles for their upper case version as shown in Figure 3.6, being one of them
uncommon. The majority of error for the uppercase A happened in the shape shown in Fig-



3.5 CONCLUSION 39

Figure 3.5 Example of misclassified images for the C-Cube database.

ure 3.6(a) when the version shown in Figure 3.6(b) is much more common in the database. The
same happens to the upper case F that presented the majority of errors for the form shown in
Figure 3.6(c) and the database has much more patterns written using the other form.

3.5 Conclusion

In this chapter, we extended the handwritten digit recognition system to recognize cursive char-
acters. Some differences between the recognition of digits and characters such as the high num-
ber of classes was studied and some solutions were discussed. Characters with similar shapes
between upper and lower case were grouped into a single class and three new feature extraction
algorithms were used in order to deal with the problems.

The combination of multiple feature extraction again showed a great improvement in re-
lation to the pairs (feature extraction, classifier) alone. Especially using the MLP network
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(a) (b)

(c) (d)

Figure 3.6 Different shapes for the upper case version of the letters A and F.

combination that performed better in both cases. This results enforces the importance of the
proposed system for handwritten recognition in general. The methodology proposed here can
be used for other types of handwriting such as Chinese, Arabic, Farsi and so on. Also the
other results in the literature are mainly based on SVM and using one classifier per class which
makes the system computationally expansive (a minimum of 26 classifiers is required). The
proposed system can deal with the multiple classes without using one class classifier. The av-
erage computational time for extracting the features and recognizing in the proposed system is
9ms. Computational time of the other works are not available for comparison.

The experiments also demonstrates that the feature extraction techniques with very similar
approaches, such as the gradient methods, do not show a good diversity among themselves.
Thus, we demonstrate that it is really desirable to use different approaches when extracting
features. The different approaches leads to an ensemble with higher diversity.

The characters with the highest error rate on the C-Cube were due to the unbalanced nature
of the dataset. To solve this issue, a possible solution is to create new patterns, for the un-
balanced classes, using some approaches that are widely used in handwritten digit recognition
like elastic distortions [51, 47] and affine transformations [46]. Also the characters that have
more than one writing style being one of them unbalanced presented many errors. One possible
solution to this issue is to have two classes to represent both variations of the upper "A" and
two classes to represent both variations of the upper "F". An strategy to deal with that should
be further investigated.



CHAPTER 4

Improving Regions of Competence for Dynamic
Classifier/Ensemble Selection

In this chapter, giving the fact not every classifier of the EoC is an expert for every test pat-
tern, we explore the methodologies for Dynamic Classifier Selection (DCS) to improve the
performance of EoC.

As reported by Dos Santos et al. [72], the classical dynamic classifier selection procedure
is divided into three levels: (1) Classifier generation which defines how the base classifiers are
generated, (2) Region of competence that is how to define the region in which the search for
the best classifier is performed and (3) Dynamic selection that defines the rule that selects the
classifier, generated in the first level, based on the information extracted in the second level.
The classifier(s) selected in the third level is(are) used to give the decision. Figure 4.1 shows
an overview of a dynamic classifier selection system.

Recent researches in DCS have focused only on the third level, in creating different selec-
tion rules. Not much attention have been given to the second level (region of competence) in
how the quality of this region influences the final result. Those regions are defined by the k-NN
or by clustering algorithms and the result of these techniques might not be accurate enough.
The rule defined for selecting the classifiers (third level) depends on the quality of the infor-
mation in the region of competence (second level). The dynamic selection will probably fail if
there are many noisy patterns in the region of competence.

The focus of this chapter is in how to achieve better recognition rates by improving the
regions of competence in which the search for the most accurate classifiers is performed. First
we show the performance of DCS systems is limited by how the region of competence are
defined. A practical example is used to illustrate cases when the dynamic classifier selection
system fails because of noises in the region of competence. Also we compare the recognition
performance of the dynamic classifier selection techniques with the algorithm that defines the
region of competence and show that the results are really close. In some cases the dynamic
classifier selection results are even slightly inferior.

Based on that we propose a new dynamic ensemble selection technique that achieve a more
accurate results by improving the regions of competence. This is performed by using two strate-
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Figure 4.1 Overview of dynamic classifier selection systems.

gies: One is a filter that removes samples considered noise, creating soft decision boundaries.
The other is an adaptive version of the k-Nearest Neighbor algorithm that uses weights to indi-
cate whether a pattern is close to patterns of other classes or not. The objective is to eliminate
noisy patterns before the steps for the dynamic selection. Thus, improving the overall system
performance.

In order to demonstrate the efficiency of the proposed approach, we conducted experiments
in nine classification problems. We show that the performance of the technique becomes limited
by the definition of the region of competence. After that we show the proposed technique not
only increases the recognition rate but also can decrease the computational time as it becomes
easier for the system to select the classifiers (less noise in the region of competence).

This chapter is organized as follow. The state-of-the-Art in dynamic classifier selection is
shown in Section 4.1. An analysis of how the regions of competence influences the classifier
selection is shown in Section 4.2. Section 4.3 describes the proposed system. The experiments
are presented in Section 4.4 and conclusion is held in Section 4.5.
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4.1 Related Works

For dynamic classifier selection, Woods et al. [22] proposed the DCS-LA (Dynamic Classifier
Selection by Local Accuracy). This is a methodology for selecting only one classifier of the
ensemble based on its performance in the neighborhood of the test pattern. The classifier that
presented the highest accuracy in the neighborhood of the test pattern is selected. The classifier
rank [24] is similar to the DCS-LA, but the selected classifier is the one that correctly classified
more consecutive patterns in the neighborhood. Giancinto and Roli [25] proposed the Multiple
Classifier Behaviour algorithm that is a mixture of the DCS-LA with the behaviour-knowledge
space (BKS) [2]. In this algorithm the local region is measured based on the behaviour of
the classifiers. Kuncheva [30] uses the overall local accuracy concept to select classifiers and
defines the local regions by mean of clustering algorithms. During the test phase, the closest
cluster to the test sample is used and the classifier with the highest accuracy in this cluster is
selected.

However, given the fact that selecting only one classifier is very error prone, some re-
searchers decided to select a subset of the ensemble with the best classifiers for the test sample.
In this case more than one classifier can be selected. Soares et al. [29] used the accuracy in
the neighborhood to select a subset of N (fixed number) classifiers and then selects the J (fixed
number) more diverse classifiers to create the final ensemble. Ko et al. [23] proposes an ap-
proach that tries to imitate the Oracle concept. The Oracle is the upper limit of the ensemble
performance [7]. Four algorithms were proposed with this approach: the KNORA-E (K Near-
est ORAcles - Eliminate) which eliminates classifiers of the ensemble that misclassifies some
of the neighbors, the KNORA-U (K Nearest ORAcles Union) which uses every classifier of the
ensemble, but the outputs are weighted according to its performance on the neighborhood and
the weighted version of both, KNORA-E-W and KNORA-U-W. In this case, the weights are
computed by the distance of each neighbor to the query pattern. Dos Santos et al. presented the
Dynamic Overproduce-and-choose (DOCS) [72] strategy, having a set of ensembles are gener-
ated using genetic algorithms. For every query pattern, the most confident ensemble is selected.
A variation of the DOCS, named DSAc [73] is proposed in order to deal with tie-breaking and
low confidence results.
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4.2 Analysis of the Influence of the Region of Competence

In this section the influence of the region of competence in DCS system is analyzed. In order to
do so, first we explain the KNORA-ELIMINATE algorithm [23]. The KNORA-E was selected
because it performs slightly better than the other dynamic selection schemes [23]. After, we
perform an analysis of the influence of the region of competence using a practical example.

4.2.1 KNORA-ELIMINATE

This approach explores the oracle concept to dynamically select the classifiers [23]. Consid-
ering the K neighbors Xi, i = 1, · · · ,K of the query pattern X and an ensemble of L classifiers
C j, j = 1, · · · ,L, the dynamic ensemble L∗ is composed by the classifiers C j that correctly clas-
sifies every Xi. Classifiers that misclassify any of the K neighbors are eliminated. If none
classifier can correctly classify every neighbor, the value of K is decreased and the rule contin-
ues the search until at least one classifier correctly classifies all the neighbors. If in the end the
algorithm cannot find any classifier, every classifier in L is used to give the final answer.

One advantage of this method is that the number of neighbors is not fixed, although it can
only decrease. However, the cost of reducing the neighborhood and recalculate is computation-
ally expensive. Like the other dynamic techniques, this rule is very dependent of the quality of
the neighborhood.

4.2.2 Analysis

In order to demonstrate the problem these techniques have with the quality of the neighbor-
hood, we do an experiment using an ensemble of 10 perceptron generated using the bagging
algorithm. A neighborhood of k = 7 was used. Figure 4.2 shows the misclassifications ob-
tained by the KNORA-Eliminate for the Banana dataset. Figure 4.2(a) shows the form of the
Banana dataset. Figure 4.2(b) shows the errors obtained in this dataset (errors are highlighted
in red) and the validation set in blue. The validation dataset is used to compute the region of
competence. Figure 4.2(c) shows some patterns of the class ∗ that although are closer to its
class mean, they were misclassified because there is a pattern from the other class + among
them. This pattern is closer to the other class ∗ than its own class mean +.

The current dynamic ensemble selection systems fail when situations like this happens.
When the query pattern is near the decision boundaries and there are noise near the query pat-
tern, the current systems end up selecting the wrong classifiers because the classifier that can
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recognize those noise patterns and therefore achieve the highest accuracy in the neighborhood
probably have over-fitted in the region. This example demonstrates why the systems become
limited to the performance of the neighborhood. In the experiments section we also demon-
strate that with empirical results. Thus, when the quality of the neighborhood is improved
(select better neighbors), the performance of the dynamic ensemble selection systems also im-
proves. This is an important point in the recognition rate of the system that did not receive
much attention. In the next section some techniques to enhance the quality of the region of
competence are discussed.

4.3 The Proposed Approach: DES-FA

In this section the proposed ideas to improve the quality of the neighborhood and consequently
the dynamic selection are shown. Two techniques were used. First, a noise reduction filter
is applied to the validation dataset (dataset where the regions of competence are computed)
to remove the noisy patterns. Thereafter, a variation of the k-Nearest Neighbor algorithm is
proposed in order to improve the quality of the computed neighbors. Figure 4.3 shows an
overview of the proposed system. T is the training set, V the validation dataset and G the test
dataset (generalization). During the training stage, the ensemble E = {C1, · · ·CL} is generated
using the dataset T and the Edited Nearest Neighbor (ENN) filter is applied to the validation
dataset V generating the dataset V ′, |V ′| ≤ |V |. The ENN filter works as a noise reductor that
creates soft decision boundaries.

On generalization stage, the local region is computed with the adaptive k-NN algorithm [74]
using the patterns of the filtered dataset V ′. The adaptive k-NN is a variation of the k-NN that
uses weights to indicate how close a training pattern is from patterns of different classes. The
weight is used in order to have a higher probability of selecting patterns that are distant from the
border. Thus, patterns with higher probability of being noise are less likely to be chosen. We
call the proposed system DES-FA (Dynamic Ensemble Selection by Filter + Adaptive distance).
The ENN filter and the Adaptive k-NN techniques are described in the next sections.

4.3.1 K-Nearest Neighbor with Adaptive Distance

The adaptive distance [74] calculates, for each training sample Xi, the largest sphere centered
on Xi, i = 1, · · · ,N that excludes every training pattern of different classes X j, j = 1, · · · ,N. This
is done by computing the minimum distance (sphere radius) Ri between the training pattern Xi
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and the training samples of different classes (Equation 4.1). With the radius Ri, the adaptive
distance between the test pattern Xtest and Xi is defined by equation 4.2. The distance d(Xtest ,Xi)

can be any distance, such as, the Euclidean or the Manhattan distance.

Ri = mind
(
Xi,X j

)
,ci ̸= c j (4.1)

Dadap(Xtest ,Xi) =
d(Xtest ,Xi)

Ri
(4.2)

It can be clearly seen that using this distance samples closer to its class mean will have
bigger radius than samples that are near the class boundaries. Samples that are closer to the
class boundaries become more distant to the query pattern while the ones next to the class
means becomes closer. Therefore, the probability of selecting a noise as neighbors is lower.
Results obtained in [74] show that this rule is statistically superior than the k-NN in many
applications.

4.3.2 Edited Nearest Neighbor Filter

The edited nearest neighbor rule [75] works as a noise reduction filter in order to create smoother
class boundaries. The central points of the classes are preserved. Figure 4.5 and Algorithm 1
show the steps of the ENN algorithm. The algorithm works as follow: Let T be the training set,
and S the filtered set, the algorithm perform the nearest neighbor classification for each Xi ∈ T

using T as reference. If Xi is misclassified using the k-NN technique, it is considered a noise
and is removed from the final set S.

Algorithm 1 The Edited Nearest Neighbor Algorithm
Input: Training Set T

1: S = T
2: for each Xi ∈ T do
3: if class(Xi) ̸= class(kNN (Xi,T )) then
4: S = S−{Xi}
5: end if
6: end for
7: return S

Figure 4.6 show an example of the application of the ENN. The data was constructed using
two Gaussian distributions generated with µ1 = [0.0, 0.0], µ2 = [3.5, 0.0] and σ2

1 = σ2
2 = 1.

Figure 4.6(a) shows the original distribution. Figures 4.6(b), (c) and (d) present the result after
the execution of the ENN algorithm with k = 1, 3 and 5 respectively.
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The idea behind using the ENN filter and the adaptive k-NN techniques comes from the
fact that they reduce the number of undesirable patterns in the region of competence. However
it is not guaranteed that the ENN will eliminate every undesirable pattern. The adaptive k-
NN works in a way that pattern closer to the decision boundaries and therefore more probable
of being noise have less chance of being selected. Therefore even if a noise pattern was not
eliminated using the ENN (the ENN did not consider it a noise), probably this pattern will not
be selected by the adaptive k-NN. Thus, it is interesting to use both techniques because one can
overcome the limitation of the other.

It is important to mention that other instance selection filter can be used in the place of the
ENN. We chose the ENN because it works upon the borders and its simplicity.

4.4 Experiments

To ensure the efficiency of the DES-FA, the experiments were conducted on nine databases,
seven from the UCI machine learning repository1 and two artificially generated using the Mat-
lab PRTOOLS toolbox2. The key features of the databases are shown in Table 4.1.

Table 4.1 Features of the selected databases
Database No. of Instances Dimensionality No. of Classes

Pima 768 8 2
Liver Disorders 345 6 2

WDBC 568 30 2
Optical Digits 5620 64 10

Blood transfusion 748 4 2
Image Segmentation 2310 19 7

Banana 600 2 2
Vehicle 846 18 4

Lithuanian classes 600 2 2

The dataset was divided into 50% for the training set and 50% for the test set. The only
exceptions are the Optical Digits and the Image segmentation dataset which the training and
test set have been defined on the UCI repository. In all cases the training set was divided into
75% for training and 25% for validation. The validation dataset is used to compute the regions
of competence. It is recommended to use a set different than the training set to compute the
regions of competence because the base classifiers might over fit the training set. Therefore
the accuracy information might be biased. The ensemble was generated using the bagging
technique which is described below.

1http://archive.ics.uci.edu/ml
2www.prtools.org
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4.4.1 Bagging

Bagging is an acronym for Bootstrap AGGregatING [38]. The idea behind bagging is to simply
build diverse classifiers by selecting different subsets of the training set to train the classifiers.
In the bagging algorithm the subsets are generated randomly. Thus, the diversity among the
classifiers is achieved by the use of different training sets. One important point using this
technique is the fact that the base classifiers should be unstable. A classifier is considered
unstable if small perturbations in the training set may result in large changes in the constructed
predictor [76]. In general classifiers that presents high variance such as Neural Networks and
Decision Trees are unstable. Linear Discriminant and k-Nearest neighbor are considered stable
classifiers. Algorithm 2 summarizes the steps of the bagging algorithm.

Algorithm 2 The Bagging Algorithm
Input: Training Set T

1: for i = 1 to L do
2: Take a bootstrap T∗ from T
3: Train Ci with T∗
4: E = E ∪Ci
5: end for
6: return E

In the experiments a total of 20 iterations using different samples of the dataset are used.
The ensemble is composed of 10 Perceptron and the number of neighbors is empirically set to
7. The Perceptron classifier was selected because it is unstable and a weak model. Therefore
it is suitable to be used in combination with Bagging. Combination is handled by the Majority
Vote rule [8].

In order to demonstrate that the current dynamic classifier selection systems are limited by
the performance of the region of competence algorithm, we show a comparison of the tech-
niques described above with the k-NN algorithm using the leave-one-out methodology [64].
This methodology uses only one pattern as the test and the remaining as the training data. This
is repeated until every pattern of training data is used as test. Thus, using this test, we have the
percentage of patterns that have a "bad" neighborhood. In other words, the percentage of pat-
terns that the information of the region of competence is not accurate enough. We use the same
ensemble composed of 10 perceptrons used in the experiment above. The results are shown in
Table 4.2. It can clearly be seen that the performance of the dynamic selection are close to the
performance of the k-NN using leave-one-out, on the dataset. On the other hand, the difference
between the results of the oracle and the results of the techniques is very high. The difference
is close to 25 percentile points in the worst case. This shows that the accuracy obtained only in
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local region is insufficient to achieve the oracle performance. In some cases, the result of the
dynamic ensemble methods is even lower than the best classifier of the ensemble (Single Best)
or the static ensemble. This happens because the methods are heavily dependent on the quality
of the neighborhood. This shows how important it is to put efforts in the design of the regions
of competence.

Table 4.2 Comparison between the Dynamic Ensemble Selector and the Leave-One-Out result
Database Leave-One-Out KNORA-E Static Ensemble Oracle

Pima 73.05 73.16 73.28 95.10
Liver Disorders 65.80 63.86 62.76 90.07

WDBC 97.02 96.93 96.35 99.13
Optical Digits 85.97 79.32 81.47 91.84

Image Segmentation 85.72 59.09 65.27 89.97
Banana 90.27 88.83 81.43 94.75
Vehicle 72.35 81.19 82.18 96.80

Lithuanian Classes 91.02 88.83 82.33 98.35
Blood transfusion 74.74 74.59 75.24 94.20

Table 4.3 Comparative results using Perceptron as weak classifier. The results are the mean and the
standard deviation obtained over 20 iterations

Database DES-FA (1) DES-FA (3) DES-FA (5) A-k-NN KNORA-E Static Ensemble Oracle
Pima 74.89(1.63) 75.35(1.37) 76.04(1.61) 74.02(1.57) 73.16(1.86) 73.28(2.08) 95.10(1.19)

Liver Disorders 65.72(3.81) 65.49(3.39) 65.23(4.07) 63.98(3.418) 63.86(3.284) 62.76(4.81) 90.07(2.41)
WDBC 96.77(1.11) 96.40(0.95) 96.46(1.13) 97.18(1.13) 96.93(1.10) 96.35(1.14) 99.13(0.52)

Optical Digits 83.65(2.63) 84.73(3.51) 82.84(3.40) 86.78(3.20) 79.32(3.47) 81.47(4.67) 91.84(2.03)
Blood Transfusion 77.35(0.97) 76.17(1.56) 76.42(1.16) 75.21(2.10) 74.59(2.62) 75.24(1.67) 94.20(2.08)

Image Segmentation 88.74(0.70) 63.88(6.62) 80.45(3.25) 66.16(5.47) 59.09(11.32) 65.27(3.32) 89.97(3.46)
Banana 90.16(3.18) 89.16 2.25) 89.57(2.65) 89.93(2.87) 88.83(1.67) 81.43(3.92) 94.75(2.09)
Vehicle 71.7(4.11) 80.00(2.21) 80.20(4.05) 80.29(1.45) 81.19(1.54) 82.18(1.31) 96.80(0.94)

Lithuanian Classes 92.16(2.61) 92.23(2.46) 91.65(2.37) 92.16(2.73) 88.83(2.50) 82.33(4.81) 98.35 (0.57)

The comparison of the KNORA-E with the proposed DES-FA is shown in Table 4.3. The
number inside parenthesis is the value of the parameter k used in the ENN filter (k = 1, 3 and
5). The KNORA-E is compared with the version using only the adaptive k-NN and with the
DES-FA. The ENN was evaluated with k = 1, 3 and 5. The performance of the single best
classifier, static ensemble and the Oracle are also shown for comparison.

Only one out of nine datasets the KNORA-E algorithm presented the best result (Vehicle
dataset). In most cases the DES-FA presented the best results. It is also important to observe
that the the adaptive k-NN improved the result upon the standard algorithm in eight datasets.
For the Optical digits and the WDBC the adaptive k-NN alone presented better results than the
DES-FA (although the DES-FA still improves upon the KNORA-E). The ENN filter probably
removed some important patterns in these datasets. A paired t-test with 95% confidence was
performed to better compare the performance of the methods. The results of the DES-FA
over the Pima, Liver Disorders, Image Segmentation, Banana and Lithuanian datasets showed
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statistically better than the KNORA-E technique. For the other datasets the difference between
the DES-FA and the KNORA-E is not statistically different. However, the mean accuracy
obtained by the DES-FA is higher.

It is important to mention that one of the problems of the KNORA-E algorithm is the com-
putational cost of reducing the neighborhood. When none of the base classifiers correctly clas-
sifies all the neighbors, the neighborhood is reduced and the algorithm computes again. This
becomes a problem when there are many noisy patterns in the dataset. The algorithm needs to
reduce the neighborhood often, which increases considerably the computational time. Using
the ENN filter and the adaptive k-NN, less noise are selected as neighbors (some are elimi-
nated by the ENN and some are not selected by the adaptive k-NN rule). Therefore the number
of times that the KNORA-E algorithm needs to reduce the neighborhood decreases consider-
ably. Also the ENN rule eliminates some patterns of the validation set which contributes in
decreasing the cost of computing the nearest neighbor. Table 4.4 shows the processing time
(time to process the whole database) obtained by the KNORA-E algorithm and the DES-FA. In
most datasets the processing time is much lower and it is explained by the better quality of the
selected region of competence.

Table 4.4 Average Processing Time (Seconds)
Database DES-FA (k) KNORA-E

Pima 91.71 177.00
Liver 75.82 103.52
Breast 48.94 64.66

OptDigits 599.09 1609.00
Blood Transfusion 78.59 222.30

Segmentation 696.83 288.03
Banana 58.95 100.59
Vehicle 122.03 150.97

Lithuanian Classes 61.60 82.55

4.5 Conclusion

In this chapter the problem of dynamic classifier selection is discussed. The chapter is focused
in how the regions of competence influences the performance of the system and two strategies
are proposed in order to achieve better results. We demonstrate that the performance of the
ensemble selection methods is very dependent to the performance of the algorithm that defines
the regions of competence. Based on that two techniques for improving this information is
shown. One that works as a filter, eliminating undesirable patterns and the other is a variation of
the nearest neighbor algorithm that turns patterns that are close to noise difficult to be selected.
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These techniques are used together in order to enhance the quality of the extracted region of
competence.

Experiments were conducted over nine different datasets. Results show the methods pre-
sented in this chapter improve the recognition rates for eight of the nine datasets. We believe
this idea can be used to improve recognition rates for any dynamic classifier selection tech-
nique that uses local regions. It is important to mention that the use of these techniques not
only improves the recognition rate but also can decrease the computational cost. Even for the
methods that have a fixed neighborhood size and therefore does not need to re-compute, the
use of the algorithms can still reduce the computational cost because the ENN eliminates some
training patterns. Therefore it reduces the cost of computing the nearest neighbor rule which
can be high in some cases.

Although a significant improvement on the result was obtained, the results are still very
distant to the performance of the ideal combination (Oracle). This indicate that the information
of accuracy in the neighborhood is insufficient in order to achieve performance close to the
Oracle. In the next chapter, a system that uses contextual information is presented to solve this
issue.
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Figure 4.4 Example of the Adaptive k-NN technique. Patterns close to the decision boundaries have a
smaller radius.

S = T

For  Xi Å T Do 

If class(Xi) ��
class(kNN(Xi,T))

Yes

No

S = S ± {X}

Figure 4.5 FlowChart of the ENN algorithm.
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Figure 4.6 Results of the ENN algorithm for two Gaussian distributions.



CHAPTER 5

Dynamic Ensemble Selection by Trained Selector

In the last chapter we demonstrated that the dynamic classifier selection systems are limited
by the quality of the regions of competence. That came from the observation the selection is
mainly dependent on the information of the accuracy of the classifier in the regions of com-
petence. Those regions are defined by the k-NN or by clustering algorithms and the result of
these techniques might not be accurate enough. Even though the ideas of the last chapter sig-
nificantly improved the recognition rate, it was observed that the results are still very distant to
the Oracle performance.

Most systems assume that the classifiers with the best accuracy in the region around the
test pattern are the most competent, but they do not consider the fact that some patterns of the
neighborhood can be just noise or outliers. Sometimes the classifier with the highest accuracy
in the regions are the ones that have just over-fitted in the region and therefore not suitable to
be used. Using the accuracy information alone it is impossible to deal with these situations.
The performance of the classifier selection becomes very tied to the quality of the region of
competence. This indicates us that the accuracy information alone is insufficient in order to
achieve performance comparable to the Oracle. In order to achieve better performance more
information other than the accuracies might be required.

Another problem in the current systems is the fact that they do not take into consideration
that different problems might be associated with different levels of difficulty and might require
a specific selection rule. For instance, for an easier problem, a classifier that do not recognize
every pattern in the neighborhood of the query pattern and do not have a very high confidence
in its answer might be eliminated. However for a more difficult problem the classifier might be
selected even though it misclassifies some of the neighbors or its confidence is not very high
due to difficult in recognizing the patterns. In previous systems, the algorithm to decide if a
classifier should be selected or not is defined without using knowledge about the problem to
solve and the same algorithm is applied to every problem. Although the classifiers are selected
dynamically, the rule that select the classifier is fixed. It is expected to achieve better results
if we can design a system that can learn from the problem and adapt specifically to the given
problem.

57
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In this chapter, a novel dynamic classifier selection system is proposed to overcome the two
problems stated above: The proposed system is capable of dynamically extracting and handling
with contextual information other than accuracies and the classifier selection is designed to
adapt to the given problem.

For the first problem, the idea is to reduce the limitation imposed by the algorithm that
defines the local region by using other information, such as, the quality of the neighbors, clas-
sifiers confidence, probabilities, relations among the classifiers and so on. Basically any other
information that is relative to the behavior of the base classifiers can be extracted and used by
our system. The system will not depend solely on the classifiers accuracy. In order to deal with
multiple information, we propose the use of a neural network to create a mapping between the
multiple information and the decision to select or not the classifier. In other words, a neural
network will be trained to decide if a base classifier should be selected or not. In order to do
so, we use the training data to extract the information described above (confidences, quality
of neighbors, profiles...) and encode them into numeric features. This can be seen as meta-
learning [77, 78] where data extracted from the problem (meta-data) are used to improve the
recognition system. These features are used as input to train the proposed selector. During the
generalization stage, the features are extracted from each test pattern and the selector decides
which classifier is selected. The second problem is solved by the use of a classifier (neural
network) to do the selection. This classifier is constructed using data extracted from the given
problem. Thus, the selection rule that is generated is created specifically for each problem. In
other words, our selection rule is dynamic in the sense that it changes to better fit to the problem
to solve.

Experiments conducted on nine classification databases demonstrate the importance of our
method. The proposed scheme outperformed the other dynamic ensemble selection systems
used in comparison as well as the static ensemble in every database. In many cases the differ-
ence in recognition rate is also statistically significant

This chapter is organized as follow. Section 5.1 presents the dynamic classifier (ensemble)
selection algorithms that are used in comparison. The proposed dynamic classifier selection
approach is described in Section 5.2. Experiments are presented in Section 5.3 and conclusion
is held in Section 5.4.
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5.1 Algorithms for Comparison

In this section three new algorithms used for comparison are presented. The methods are de-
scribed below:

5.1.1 Dynamic Classifier Selection by Local Accuracy (DCS-LA)

The idea of the DCS-LA is to simply estimate the performance of the classifier in the region
of the test pattern and select the one that is most accurate. There are two variations of the
DCS-LA: the Overall Local Accuracy (OLA) and the Local Class Accuracy (LCA). The OLA
is measured by the percentage of patterns correctly classified in the local region. The LCA is
computed by the percentage of patterns correctly classified in respect to a selected class.

5.1.2 KNORA-UNION

This algorithm does not select a subset of classifiers, instead it uses all L classifiers of the en-
semble and weights its outputs according to the performance on the neighborhood. Therefore,
it is a dynamic fusion technique. For each neighbor Xi, i = 1, · · · , K of the query pattern X ,
every classifier that correctly classify Xi earns one vote. The more neighbors a classifier classi-
fies correctly, the more votes this classifier will have for the test pattern. In this algorithm the
number of neighbors is fixed.

5.2 Proposed Ensemble Selector

The idea behind the proposed selector is to gather contextual information that is relevant to
the behavior of the base classifiers and encode them into feature vectors. Information, such
as the quality of the neighbors, classifier confidence and output profiles are extracted using
the training patterns and the base classifiers in order to generate feature vectors. These are
grouped to create a new feature set that is composed solely by information that concerns with
the behavior of each base classifier for the query pattern.

With the new feature set, another classifier is trained to work as selector. This new classifier
will use the contextual information as input to decide if a base classifier should be selected or
not. Using a classifier as selector it is possible to overcome two problems stated below:

1. Integrate multiple kind of information to decide - The information is passed to the
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classifier encoded as features. The classifier is able to use many features and create a
mapping from them to the decision if a classifier should be eliminated or not.

2. Adapt the selector to better fit the problem - The classifier uses data extracted from
the training sets in order to create the decision rules. Therefore, the peculiarities of each
problem is modeled to better fit the problem. The training process of the classifier tries
to optimize the mapping of the given problem.

Figure 5.1 shows an overview of the system during the training of the selector and Algo-
rithm 3 presents the steps of the training stage. Being S a subset of the training set and L the
ensemble of classifier, for each test sample Xi,S ∈ S, the neighborhood of Xi,S is computed in
the set S excluding Xi,S. Then L feature vectors Vi, j are extracted based on information ob-
tained from Xi,S, the neighborhood of Xi,S and the classifier C j, j = 1, · · · , L. The steps used for
extracting the feature vector Vi, j are explained in Section 5.2.1. These feature vectors Vi, j are
grouped to create the dataset V . The dataset V is composed only by information that concerns
to the behaviour of the classifiers. This information is used as input to train the selector λ . It is
important to observe that only one selector is trained. Every classifier will use the same selector
during the generalization stage.

Selector

Dataset

S

Feature

Extractor

Xi,S

C1 Cj CL

Vi,1

......

Vi,j

Vi,L

...

Dataset to 

Train the

Selector

V

Neighbors

Ensemble

L

Selector

�
Train

Figure 5.1 Overview of the training procedure of the selector.
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Algorithm 3 Training stage
1: for each test sample Xi,S of S do
2: Use the patterns of S−Xi,S to compute the local region
3: for each classifier C j of the Ensemble do
4: Select the pattern Xi,S of S as query pattern
5: Extract features vector Vi, j for the classifier C j
6: V =V ∪Vi, j
7: end for
8: end for
9: Train the selector λ with V

The generalization steps are summarized in Figure 5.2 and Algorithm 4. During the gener-
alization phase, given the query pattern Xquery from the test set, the neighborhood of Xquery is
computed in the validation dataset VAL. Thereafter, for each classifier C j, j = 1, · · · , L of the
ensemble, a feature vector Vquery, j is extracted and passed as input to the selector. If the output
of the selector is 1, the classifier is accepted and joins the dynamic ensemble L′. Otherwise
the classifier is rejected and will not submit a vote on the query pattern. In the end, only the
classifiers of the ensemble L′ are used to recognize Xquery. It is important to mention that these
steps are only executed if there is discordance between the base classifiers. In cases that every
base classifier agrees in the same output there is no need to use the selection scheme.

Algorithm 4 Generalization stage
1: Given a query pattern Xquery of Test dataset
2: Use the patterns of validation to compute the local region
3: for each classifier C j of the Ensemble do
4: Extract features vector Vquery, j for the classifier C j
5: Use Vquery, j as input to the Selector λ
6: if λout = 1 then
7: Select C j
8: L′ = L′∪C j
9: else

10: Reject C j
11: end if
12: end for

There are two important points in the design of the intelligent selector: The format of the
feature vector and the training process. The feature vector is related to the information that are
gathered and how to encode this information in order to create feature vectors. In the training
process some points regarding the sets that are used to extract the feature vector are important
to be discussed. These points are described in the following sections.
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Figure 5.2 Overview of the test procedure of the system.

5.2.1 Feature Vector

In order to use an intelligent system to make the decision, first a model of feature vector that
will be used in both, training and decision making is required. The quality of the information
extracted and how it is encoded directly impact in the accuracy of the selector. For the defini-
tions below, let Xquery be the query pattern, Xi, i = 1, ...,k the computed k nearest neighbors of
Xquery calculated over the training set and C j the classifier. The steps to extract the features are
presented below:

K-Nearest Neighbors

For each Xi, the system calculates the output of C j. If C j correctly classifies Xi the feature
is encoded as 1, otherwise 0. A total of k features, one for each neighbor, are computed.

Posteriori probability

The posteriori probability obtained by the classifier is an important information because it
measure how confident the classifier is on its answer. Most of classifier combination schemes
are made through the posteriori probability [8]. Therefore, we decided to include this infor-



5.2 PROPOSED ENSEMBLE SELECTOR 63

mation in our feature vector. For each Xi, the posteriori probability of the classifier C j for the
winning class is computed. The probability for the query pattern Xquery is also computed, giving
a total of k+1 features.

Quality of Neighbor

For each Xi, we compute its quality by computing the distances between Xi to patterns
from different classes X j, ∀ j | class(Xi) ̸= class(X j). The minimum distance between Xi and
X j is encoded as one feature. The Euclidean distance is used for this purpose. The lower the
distance, the most probable Xi is of being a noise. Therefore, the distance is used as indicator
of the quality of Xi. One feature per neighbor is computed, generating k features.

Local Accuracy

The Overall local Classifier Accuracy [22] for a given neighborhood is computed and en-
coded as one feature.

Output Profiles

An output profile [73] can be defined by a vector where each position is the output obtained
by each classifier of the ensemble. Let L be the size of the ensemble, Xi a training pattern and
C j, j = 1, . . . , L a classifier of the ensemble, the output profile of Xi is a vector V = v1, · · · , vL

in which every position in the vector v j is the result of the C j (Xi). In other words, the output
obtained by C j for the pattern Xi.

We compute the similarity using output profiles of a given query pattern Xquery to a training
(validation) pattern Xi by the Manhattan distance between their output vectors Vquery and VXi .
The distance is given in the following equation.

Dout pro f =
L

∑
1

∣∣Vquery −VXi

∣∣ (5.1)

This is an dissimilarity metric, thus, the most similar samples are the ones with the lowest
values. Occasionally, two or more patterns can present the same distance. The tie-breaking is
handled by the number of correct classifications. Patterns with the most correct classifications
are considered closer. After the computation of the similarity, the N most similar samples are
selected. The number N is independent of the number of neighbors K selected in the Euclidean
space. If C j correctly classifies the sample, 1 is added to the feature vector, otherwise 0 is
included. N features are computed using this approach.
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Figure 5.3 shows the format of the feature vector. The size of the feature vector is k ∗ 3+
N + 2, where k is the number of neighbors considered using the Euclidean space and N the
number of patterns chosen using output profiles.

Those were the only features considered in this project. There are still many other fea-
tures that can be considered like the diversity among the base classifiers. Diversity might be an
interesting information to add because it is an important factor in the performance of an ensem-
ble [31]. Especially the Double Fault [32] measure which presents correlation with the ensem-
ble accuracy [34]. However, the computational cost of computing diversity among classifiers
dynamically is very high. The Double Fault diversity is computed in pairs (parwise), therefore
the cost of computing the diversity is the same of filling a matrix of diversity M = LxL which
is an algorithm of complexity O(n2). The design of new features is still open. We believe that
this is the most important aspect in the design of the proposed scheme.

Figure 5.3 Feature Vector for the Selector Classifier.

5.2.2 Training

It is not recommended to use the same set used to train the base classifiers to train (extract
the feature vectors) of the selector because the classifiers can over-fit in training patterns. This
can lead to poor results because the information obtained might not be representative for new
objects. It is desirable to extract the feature vectors to train the selector using a set that the
classifiers have not yet seen. In this case the selector is trained only with new patterns and the
information that is extracted is closer to what happens during testing situations. For this reason,
a new specific dataset is created called the selector dataset. This dataset is used only to extract
the feature vector to train the selector.

The feature vectors are extracted in the following way: First one pattern of the selector
dataset is chosen as reference. This pattern will have the role of the query pattern in the pro-
cedure. Then it is used together with the selector dataset (without the chosen pattern) and a
classifier C j, j · · ·L of the ensemble to compute the feature vector. One feature vector is gen-
erated from each base classifier. For each pattern of the selector dataset, L feature vectors are
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Algorithm 5 Create Feature
Input: Ensemble of Classifiers L
Input: Selector Dataset S
Input: Feature Set V = { /0}
Input: Threshold t

1: for each Xi,S ∈ S do
2: Compute the percentage of agreement between classifier for Xi,S
3: if Percentage of Agreement ≤ t then
4: Compute the k neighbors of Xi,S
5: for each C j ∈ L do
6: Extract feature vector Vi, j from C j and Xi
7: V =V ∪Vi, j
8: end for
9: end if

10: end for
11: return Feature Set V

computed. If the base classifier correctly classifies the reference pattern, the feature vector is
marked as select (1). Otherwise reject (0).

During the generation of the feature vectors one question comes in mind: should we gen-
erate feature vector for every pattern in the selector dataset? Or should we focus only on the
difficult patterns? It is expected that the majority of patterns are easy to recognize (close to its
class mean) and in most of the cases every base classifier agrees in the same output. If the ma-
jority of patterns of the selector dataset are easy to recognize, the number of vector created with
positive answer (select the classifier) can be very high and can lead to an unbalanced number
patterns per class. Also in cases that the number of classifiers that agree in the answer is very
high, even though the system is not focused to solve these cases, the system can still correctly
recognize these patterns because the probability of choosing only the wrong classifiers is very
low.

Thus, we decided to analyze the percentage of agreement between the base classifiers before
extracting the feature vector for the reference pattern. Algorithm 5 details the steps to generate
the dataset to train the selector. The algorithm receives as input the ensemble L = {C1, · · ·CL, },
the selector dataset S and an empty feature set V = { /0}. For each Xi,S ∈ S the algorithm checks
the percentage of base classifiers with the same output for Xi,S. Xi,S will only be used to extract
feature vectors if the percentage is equals or lower than a defined threshold. For each base
classifier C j ∈ L, a feature vector Vi, j is extracted based on Xi and C j. The vector Vi, j is added
to the feature set V and the algorithm continues until the last sample XN . The final feature set
V is then returned and it is used to train the proposed selector. A comparison of the recognition
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rate in relation to the percentage of classifier that agree in the same class is analyzed in the
experiment section.

5.2.3 Dynamic Rule Generation

In order to show that for different problems the decision created to dynamically select the clas-
sifiers are based on different information, we trained decision trees for two different problems.
Decision trees are simple to understand and interpret, thus it is suitable for this task. The trees
generated for the datasets Blood Transfusion and Liver Disorders are shown in Figures 5.4 and
5.5 respectively. Trees were generated using the C4.5 algorithm [79] and using the Gini coef-
ficient as splitting criterion. Table 5.1 details the features used in the creation of the decision
trees. The features are linked to the feature vector presented above 5.3

For better visualization, the trees were generated up to the third level. It can be seen that the
rules generated are completely different. For the Blood Transfusion dataset, for instance, if the
classifier do not correctly classifies the first neighbor or the most similar pattern using output
profiles, the classifier is already eliminated from the ensemble. For the Liver Disorders dataset,
given the fact that this is a harder dataset (many outliers), the fact the classifier misclassified the
first neighbor does not mean it must be eliminated from the ensemble. Also, for this database,
the information about local accuracy and the confidence obtained by the classifier for the query
pattern were used in the firsts levels. Therefore, we can conclude that it is important to have a
selector that can adapt to each problem and that it is possible to achieve that by using a machine
learning model as selector.

Table 5.1 Name of the features used in the decision tree
Feature Vector

Feature Names Feature Names

k-Nearest Neighbors

First

k-Confidence

First Conf.
Second 2nd Conf.
Third 3rd Conf.
Fourth 4th Conf.
Fifth 5th Conf.
Sixth 6th Conf.

Seventh 7th Conf.

k-Radius

1st Radius

N-Output Profiles

First Prof.
2nd Radius 2nd Prof.
3rd Radius 3rd Prof.
4th Radius 4th Prof.
5th Radius 5th Prof.
6th Radius -
7th Radius -

Local Accuracy L. A. Query Confidence Query conf.
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Figure 5.4 Decision tree for the Blood dataset.
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Figure 5.5 Decision tree for the Liver Disorders dataset.
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5.3 Experimental Results

To show the efficiency of the proposed method, the experiments were conducted on nine
databases. Seven extracted from the UCI machine learning repository1 and two artificially
generated using the PRTOOLS Matlab toolbox2. The key features of the databases are shown
in Table 5.2.

Table 5.2 Features of the selected databases
Database No. of Instances Dimensionality No. of Classes

Pima 768 8 2
Liver Disorders 345 6 2

Wisconsin breast cancer (WDBC) 568 30 2
Vehicle 846 18 4

Blood transfusion 748 4 2
Sonar 208 60 2

Ionosphere 315 34 2
Banana 600 2 2

Lithuanian classes 600 2 2

For the proposed system, an additional set is required in order to generate the feature set to
train the selector. In this case the datasets were divided into 25% for test, 25% for validation,
25% for the selector dataset and 25% for training. For the other techniques, the datasets were
divided into 25% for test, 25% for validation and 50% for training.

The base classifiers were generated using the Bagging technique (Section 4.4.1). The in-
telligent selector was trained using a MLP network with one hidden layer of 10 neurons. The
network was trained using the Levenberg-Marquardt algorithm. To prevent over-fitting, the
training procedure was stopped using the early stopping technique if the network performance
on the validation decreases or fails to improve for 5 consecutive epochs. It is important to men-
tion that any classifier model can be used as selector. The system is not tied to work only with
MLP network.

In every experiment, the ensemble is composed of 10 perceptron classifiers generated using
the bagging technique. The local region in the experiments were defined using the adaptive
k-NN algorithm [74]. The number of neighbors k is set to 7. For the intelligent selector, the
number N of similar patterns using output profiles is 5. These values are chosen empirically.
The ensemble is combined using the majority vote. A total of 20 iterations using different
partitions of the datasets (samples) were used. The comparison is made using the mean and
the standard deviation obtained by each technique in 20 iterations. Table 5.3 summarizes the
parameters.

1http://archive.ics.uci.edu/ml
2www.prtools.org
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Table 5.3 Parameters used in the experiments
No. Experiments 20

Ensemble Size 10
Base Classifier Perceptron

Classifier Generation Bagging
K Neighbors 7

No. nodes (selector) 10
Training Fun. (selector) Levenberg-Marquardt

Epochs. (selector) Early Stopping
N Similar 5

First we decided to compare how the percentage of classifier agreement during the training
of the intelligent selector influences the recognition rate. The performance varying the thresh-
old is shown in Figure 5.6. We vary the threshold from 50% (up to half of the classifiers agree)
to 100% (in this case every pattern is used to generate the selector dataset). It can be seen that
there is a slighly variation in the results. In the majority of the cases, using 70% (that includes
patterns with degree of agreement equals or less than 70%) as threshold obtained the best re-
sults. Thus, we can conclude that to obtain a better performance it is desirable to focus the
selector to harder cases instead of training for every case.

Table 5.4 Comparative results using Perceptron as base classifier
Database Proposed KNORA-E KNORA-U LCA OLA Single Best Static Ensemble Oracle

Pima 78.12(1.94) 73.16(1.86) 74.62(2.18) 72.86(2.98) 73.14(2.56) 73.57(1.49) 73.28(2.08) 95.10(1.19)
Liver Disorders 69.16(2.33) 63.86(3.284) 64.41(3.76) 62.24(4.01) 62.05(3.27) 65.38(3.47) 62.76(4.81) 90.07(2.41)

WDBC 97.80(1.24) 96.93(1.10) 96.35(1.02) 97.15(1.58) 96.85(1.32) 97.04(0.74) 96.35(1.14) 99.13(0.52)
Blood Transfusion 79.46(1.67) 74.59(2.62) 75,5(2.36) 72.20(2.87) 72.33(2.36) 75.07(1.83) 75.24(1.67) 94.20(2.08)

Banana 90.16(2.09) 88.83(1.67) 89.03(2.87) 89.28(1.89) 89.40(2.15) 84.07(2.22) 81.43(3.92) 94.75(2.09)
Vehicle 82.78(2.34) 81.19(1.54) 82.08(1.70) 80.33(1.84) 81.5(3.24) 81.87(1.47) 82.18(1.31) 96.80(0.94)

Lithuanian Classes 90.60(2.78) 88.83(2.50) 87.95(2.64) 88.10(2.20) 87.95(1.85) 84.35(2.04) 82.33(4.81) 98.35 (0.57)
Sonar 80.00(3.16) 74.95(2.79) 76.69(1.94) 76.51(2.06) 74.52(1.54) 78.21(2.36) 76.66(2.36) 94.46(1.63)

Ionosphere 89.77(1.35) 87.37(3.07) 86.22(1.67) 86.56(1.98) 86.56(1.98) 87.29(2.28) 86.75(2.75) 96.20(1.72)

Table 5.4 shows the results obtained by the proposed dynamic ensemble selector and the
other techniques. It can be seen the results using the proposed selector are superior in all
databases. Indeed some of the results are very convincing, especially for the most difficult
datasets such as the Liver disorders and Pima. In the majority of the datasets the results are
also statistically significant. A t-student test with 95% confidence was performed in order to
compare. The results for the proposed method over the Pima, Liver Disorders, Blood Trans-
fusion, Sonar and Ionosphere are statistically better than any of the other method. For the
other datasets the difference between the proposed selector and the other are not statistically
significant. However the mean accuracy obtained by the proposed selector is higher. Also,
comparing the results obtained by the proposed selector technique with the performance of the
leave-one-out (Table 4.2), the results of the proposed selector are much higher. This can be
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Figure 5.6 Performance of the proposed system according to the percentage of classifiers that agree in
the same output during the training stage.

explained by the fact that we used other kind of information other than accuracies in the region
of competence. Therefore, we could successfully reduce the limitation imposed by the quality
of the local region algorithm. Other important point in the performance of the system is the
fact that it can adapt to each problem as shown in Figures 5.4 and 5.5.

5.4 Conclusion

In this chapter, we propose a new dynamic ensemble selection methodology with two major ad-
vantages: First, the system uses many different kind of information (are not dependent only of
the local region), making the quality of the neighborhood a lesser problem. Based on this infor-
mation, our selection approach adapt itself to the classification problem. The system is capable
of creating different rules that are better suited for a specific problem which is demonstrated in
Figures 5.4 and 5.4.

The experiments demonstrated that it is very interesting to use of proposed systems to
perform dynamic classifier selection. The results, however, are still distant to the performance
of the Oracle. Improvements to the system can be obtained by simply extracting a better set of
features. This is an introductory work, the features considered in this work are very simple and
new features must be further analyzed. The Analysis of the features used might informs about
what kind of features is the most relevant so that better features with similar approaches can be
developed.

Another interesting point in our approach is the fact that we transformed the problem of
selecting the best classifiers to a classification problem. Thus, any technique proposed to im-



72 CHAPTER 5 DYNAMIC ENSEMBLE SELECTION BY TRAINED SELECTOR

prove recognition rates can be used with this approach to increase the performance of the selec-
tor. Techniques such as feature selection, dimensionality reduction, optimization of classifiers
by genetic algorithms and so forth. Increasing the performance of the selector will directly
increase the recognition rate of the final system.

Differently from the KNORA algorithms, our system does not require that the classifier
correctly classify the whole neighborhood in order to be selected. In fact this is decided during
the training of the proposed selector. Therefore, this approach can be used in conjunction with
any other classifier weighting scheme, such as the KNORA-UNION or by Quadratic Program-
ming. One possible weighting scheme is simply to use the confidence obtained by the selector.
Classifiers that were selected with less confidence will have less power in the voting scheme.

Some points can still be analyzed in order to better understand the performance of the
proposed system. They are enumerated below:

• Evaluate the performance of the system varying the value of K and N;

• Compare the results of different classifiers as the selector;

• Test with different base classifiers

• Analyze the performance using different number of base classifiers
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Conclusion

6.1 Contributions

A novel ensemble system for the recognition of both, handwritten digits and characters is pro-
posed. The system is composed of different feature extraction techniques, each one with its
own neural classifier. The results of each feature extraction techniques is combined by another
MLP neural network that is trained to perform the classifier combination. Results show our
performance outperformed the previous works on both the MNIST and the C-Cube datasets.
This system also have the advantage of working in parallel which takes advantage of the new
processors. The feature extraction algorithms are completely different and can be computed in
parallel, reducing the computational cost of the final system. The techniques developed were
presented at the International Conference on Systems, Signals and Image Processing (IWSSIP
2010), International Joint Conference on Neural Networks (IJCNN 2010).

An analysis of the performance of DCS systems according to the regions of competence
was performed. Experiments show that the performance of the system is limited by the quality
of the regions of competence algorithm and not by the performance of the Oracle. Based on that
two modifications to improve the regions of competence for DCS systems were proposed. The
presented ideas not only improved the recognition rate but also decreases the computational
time during the test phase. The technique presented in this chapter has been accepted for
publication in the International Joint Conference on Neural Networks (IJCNN 2011).

A novel dynamic classifier selection system is proposed in order to deal with contextual
information and to adapt itself to each classification problem. We introduced the idea of dy-
namically extracting information from the test pattern and use a different classifier trained to
decide if a base classifier should be selected or not. Details of this approach as well as its
problems were discussed. Experiments demonstrated that this approach outperformed previous
dynamic selection techniques.

73
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6.2 Future Works

As future works the first step is to adapt the proposed dynamic ensemble selection technique
to work with the handwritten recognition system and in other computer vision problems. Also
the following topics must be further investigated:

1. Test different classifiers as combiner in the handwritten problems classifier such as Sup-
port Vector Machines presents in general better recognition rates for handwritten recogni-
tion applications. Thus, test the system using different classifiers might be an alternative
to improve the recognition rate.

2. Evaluate the performance of the proposed dynamic ensemble selection systems for dif-
ferent number of classifiers, neighbors and types of base classifiers. This experiment
is important in order to better understand the performance of the proposed algorithm.
Also we can compare the performance of different classifiers used as selector, such as,
Decision Trees and Support Vector Machines.

3. Improve the quality of the features for the proposed ensemble selection system. This is
a important point because the quality of the features extracted directly affects the perfor-
mance of the classifier selector. Thus, the design of new features is a promising point for
further research on the proposed selection scheme.
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