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Abstract

The ability to both efficiently train robust classifiers and to design them for fast detection

is an important goal of machine learning. With an ever increasing amount of available data

being generated, the task of expeditiously producing real-time capable classifiers is becoming more

challenging. In the context of the increasing complexity of the task, ensemble-based learning

methods have proven themselves to be effective approaches for satisfying these requirements.

Ensemble methods produce a number of weak models that are strategically combined into a

single classifier. They have been particularly effective when combined with boosting algorithms

and strategies that structure the ensembles into cascades. The strength of cascaded-ensembles

lies in the separate-and-conquer approach they employ during the training of each layer. Class

decision-boundaries for trivial cases are learned in the early rounds, while more difficult decision

boundaries are refined with each succeeding layer. In a two-class problem domain, non-target

instances learned in initial layers are removed and replaced by more complex samples, frequently

referred to as bootstrapping. With this procedure, efficient coarse-to-fine learning is accomplished.

The contribution of this thesis lies in three main areas that centre around the concept of

improving the efficiency in the training and execution process. The first explored ways in which

the conventional ensemble-cascades could be combined with an even more aggressive separate-

and-conquer strategy that further partitions the ensemble inside each layer. The focus was on

the two-class learning problem and used face detection as the medium to observe the trade-offs

involved concerning both the accuracy and the efficiency of the resulting classifiers. The algorithm

was further developed in a way that enabled the bootstrapping of positive samples within a cas-

cade, alongside the conventional approach that bootstraps only the negative samples. Secondly,

the negative effect of dynamic environments on static classifiers on binary class problems was con-

sidered. A method was developed which enabled the cascaded classifiers to efficiently adapt to

the changing environment on domains with high volume streaming data. This environment was

simulated using face detection as well. Lastly, the open problem of creating integrated multiclass

cascades was researched and an algorithm was devised.

Overall, the findings have shown that invariably a trade-off is incurred between reduced train-

ing runtimes resulting from aggressive separate-and-conquer strategies and the accuracy of the

final classifiers. Using the CMU MIT test dataset, the experiments showed that though the pro-

posed positive sample bootstrapping component succeeded in significantly reducing the training

runtimes without compromising the accuracy, the general decomposition strategy did lower the

accuracy when compared to the benchmark Viola-Jones classifiers. The proposed adaptive cascade

learning algorithm for drifting concepts was also evaluated on a face detection problem set. The

results demonstrated its ability to effectively adapt to dynamic environments in high speed data

streams without requiring explicit re-training of the individual classifiers. The multiclass cascaded

algorithm was compared to three existing algorithms on 18 UCI datasets. It was found to be, on

average, several times faster to train and to execute, while generating comparable accuracy rates.

The algorithm exhibited scalability to large datasets but was found to be susceptible to producing

overly complex classifiers on datasets with a large number of class labels.
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Chapter 1

Introduction

Today’s society is becoming ever more computerized. As a result there has been an

immense growth in both the methods for generating and collecting data. This is producing

a deluge of data comes from areas with which people interact daily. Most common of these

are telecommunications, financial transactions, social networks, general internet activity,

medical, security surveillance and demographic data to name a few [61, 184]. Given that

the cost of data storage and data sensors is decreasing, its availability and pervasiveness is

becoming even greater. Gleaning information from these sources remains important and

necessary as it can yield important discoveries which impact on society and the lives of

individuals in all aspects.

While this stream of data is seemingly unending, the human resources needed for

analyzing, classifying and discovering important information from it are not. What is

required, are automatic tools that efficiently and accurately, with scalability, transform raw

data into information with useful knowledge about it. This is where artificial intelligence

and more specifically, the field of machine learning as the topic of this thesis, makes its

contribution.

Machine Learning

The primary research area of machine learning is investigating how computer programs

find meaningful patterns in the input data that can then be used to make future predictions

on unseen data samples. Depending on the nature of the predictions, these algorithms can

be split into classification and regression problems. Classification induces a model whose

output is discrete values which categorize a sample into a predicted class label. Regression

on the other hand models a continuous-valued function and its output is numerical. In

that sense, regression predicts missing or unknown values.

Machine learning can be divided into several categories. Under supervised learning,

the algorithm is provided with training samples and the expected outputs associated with

them. The goal of this most common group of algorithms is to learn to map the input

samples to their correct and known output values. On the other hand, unsupervised

learning methods are furnished with training samples without being explicitly told of

their correct outputs. This form of learning is a synonym for clustering. In some problem

domains, it is not possible to provide all the correct output labels and so a combination of

labeled and unlabeled samples is employed. Such methods belong to the category of semi-
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supervised learning and are particularly useful in domains where the true interpretation

of the samples is either too costly or time consuming to provide. Active learning involves

a human in the learning process by posing questions that ask the user to label a given

number of samples. As each sample is labeled, the algorithm refines its model using the

knowledge from the user.

This research however focuses solely on classification under the supervised learning

paradigm. In more formal terms, the problem of supervised classification learning can

then be stated as algorithms that learn a training set D consisting of n input and output

pairs of samples {(x1, y1), ..., (xn, yn)}. Each sample consists of a feature vector xi =

(x1, ..., xd) ∈ R comprising of d number of dimensions and an associated class label yi ∈ Y

where Y ∈ {0, ..., k} for a k-class classification problem. The outcome of the learning

is a classifier or hypothesis H, which ideally induces an accurate decision boundary for

separating the classes, and also one that closely approximates the true boundary for the

entire domain R.

Induction of classifiers usually becomes problematic when there is a very large number

of training samples. This often results in the formation of complex class boundaries which

are difficult to learn accurately for classifiers that attempt to generate a single rule to

describe the data. The situation is also exacerbated when the feature vectors describing

the data are high dimensional. Feature extraction can frequently be associated with high

computational overheads, particularly when operating in computer vision settings. In

such environments, the additional runtime costs for extracting high volumes of expensive

features can make the training and execution of classifiers impractical. In addition, with

the advent of streaming data, it is becoming apparent that there is a profound need for

classifiers to possess the ability to rapidly adapt to dynamic environments and to the

changes that occur to the learned class descriptors.

The popularity of a specific family of machine learning algorithms termed ensemble-

based methods has grown significantly in recent years due to their ability to address

many of the emerging challenges in the field. Paradoxically, the strength of ensemble-

based methods lies in their unambitious approach to the task of learning. While most

learning algorithms attempt to induce a single optimal classification model to describe

complex data, ensemble methods instead often generate multiple classifiers whose predic-

tive strength is unassumingly only slightly better than a random guess. However, given

an intelligent combination strategy, the weak classifiers can be effectively combined in

ways that their collective voting strength is frequently able to match the best existing

classification algorithms.

In their seminal work Viola and Jones [175] expanded the principles of ensemble-based

methods further with the concept of coarse-to-fine learning and classifier evaluation. This

breakthrough made the training of classifiers on datasets comprising of hundreds of mil-

lions of samples considerably more feasible, while creating efficient classifiers that could

effectively and efficiently perform classification in real-time on the problem of face de-

tection. Their innovation came in the form of structuring the ensemble classifiers into

cascades whereby each successive layer comprised of more powerful classifiers with the

ability to refine the class decision boundary in both learning and detection in an itera-

tive manner. This approach has greatly contributed to the advancement in developing

modularized and accurate classifiers on many domains; however, the training of effective
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cascaded classifiers using the Viola-Jones method is non-trivial and is associated with

complex trade-offs concerning the final accuracy and the training/detection runtimes.

In an effort to further reduce training runtime complexities associated with large-scale

learning problems using cascaded classifiers, Barczak et al. [5] proposed to introduce an

additional nested cascade within each of the layers. This algorithm was termed PSL, to

denote the idea of nested cascades as being parallel strong classifiers within the same layer.

The goals of this research were to work within the framework of cascaded classifiers and

to explore ways of expanding the contribution of the PSL algorithm in ways that further

build upon the ideas of coarse-to-fine learning, while attempting to control the trade-offs

between increased efficiency and compromises in classification accuracies. The following

section outlines the specific objectives and thesis questions that guided this research, as

well as the scope within which it was conducted.

1.1 Objectives

This research set out to accomplish the following objectives:

1. Investigate the ability of the binary-class PSL algorithm to produce effective classi-

fiers on a challenging real-world problem set in the domain of face detection.

2. Make extensions to the algorithm that enable it to scale to large training datasets

and to study the efficiency/accuracy trade-off.

3. Propose a method for achieving real-time adaptability of PSL-like classifiers on dy-

namic and evolving environments that possess concept drifts of varying magnitudes.

4. Apply the underlying separate-and-conquer1 principle of the PSL algorithm to the

problem of multiclass classification.

5. Explore the feasibility of using the PSL method as a meta-learning framework for

converting existing multiclass boosting-classifiers into cascaded ensembles.

Thesis Questions

Due to the nature of the research which branched into several topics within the domain

of classification, numerous questions evolved and took shape over the course of the study.

These questions were:

1. Are PSL-like algorithms a viable alternative for training classifiers on large and chal-

lenging datasets which have imbalanced class-distributions? How do the PSL-like

methods effect the trade-off relationship between the training runtime-complexity

and accuracy on the chosen problem domain?

1The separate-and-conquer approach focuses on learning one class label per iteration and optimizes
the loss according to this class only. Subsequent, training samples belonging to this class are removed
from further induction. In contrast, the divide-and-conquer approach considers the combined loss of all
class labels at each iterative decision point. All training samples are retained until the leaf nodes of the
resulting tree are reached.
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2. Can the underlying separate-and-conquer approach of PSL be further leveraged

enabling the bootstrapping of positive samples on a binary-class problem? What

effect does this strategy have on the scalability of cascaded frameworks to large-scale

datasets?

3. What is the feasibility of integrating into PSL, methods for real-time adaptive learn-

ing in dynamic environments with drifting concepts?

4. Can the current binary PSL algorithm be modified in order to make it applicable as

a coarse-to-fine method for learning multiclass problems?

5. Is it possible to apply the coarse-to-fine learning principles to existing multiclass

boosting algorithms which generate single-layer ensembles, in order to create cas-

caded classifiers?

Scope

Given the wide range of topics within this research that involved both binary and mul-

ticlass learning within static and dynamic environments, the scope of this research has

therefore been limited to: (1) developing ensemble-based learning and considering other

ensemble methods for the purposes of comparison, (2) working with boosting algorithms

in combination with proposed training frameworks as the underlying vehicle for generating

diverse classifiers, (3) employing weak-learners as inputs to the boosting algorithms for

both development and comparisons with benchmark algorithms, (4) supervised learning

whereby the training algorithm is provided with complete knowledge as to the mappings

of sample instances to their associated class labels, (5) classification methods only, thus

excluding regression.

1.2 Contributions

The outcome of this research has been the development of new algorithms. The conven-

tional procedure for training binary-class cascaded classifiers has been expanded, making

possible the bootstrapping of positive samples through a coarse-to-fine learning strategy.

As a result, this has enabled the usage of much larger training datasets with reduced

training runtimes. An adaptive learning algorithm was devised for this type of cascaded

classifiers. It was designed for classifiers operating in high-volume binary-class domains

which are evolving, and thus causing the underlying target class-descriptors to change

with time. The goal was to develop a method capable of rapidly adapting to the changing

environment without requiring the explicit re-training of classifiers due to time constraints.

Finally, the principles underpinning the previous algorithms were employed to develop an

algorithm for constructing integrated multiclass ensemble-cascades. The generic qualities

of this algorithm were empirically shown by demonstrating how it can be used as a meta-

learning algorithm for converting existing single-layered multiclass learning methods into

cascaded ensembles.

With the support of the Ministry of Science and Innovation in New Zealand, practical

contributions of this research have involved establishing links with industry. The outcome
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of this has been that elements from this research have been applied to finding solutions

to challenging real-world machine learning and computer vision problems.

Published works

The following papers have been published as a direct result of this research.

Peer reviewed conference and journal papers:

• Susnjak, T., Barczak, A. and Hawick, K. (2011), Adaptive cascade of boosted ensem-

bles for face detection in concept drift, Neural Computing & Applications , Springer,

pp. 1-12.

• Susnjak, T., Barczak, A., Reyes, N. & Hawick, K. (2011), A New Ensemble-Based

Cascaded Framework for Multiclass Training with Simple Weak Learners, In Pro-

ceedings of the 14th International Conference on Computer Analysis of Images and

Patterns (CAIP), LNCS. Springer

• Susnjak, T., Barczak A. L. Reyes N. and Hawick K. Coarse-to-fine multiclass learn-

ing and classication for time-critical domains. Manuscript submitted for publica-

tion,November 2011.

• Susnjak, T., Barczak, A. and Hawick, K. (2010a), Adaptive ensemble based learning

in non-stationary environments with variable concept drift, in Neural Information

Processing. Theory and Algorithms, Vol. 6443 of Lecture Notes in Computer Sci-

ence, Springer, pp. 438-445.

• Susnjak, T., Barczak, A. and Hawick, K. (2010b), A modular approach to train-

ing cascades of boosted ensembles, in Structural, Syntactic, and Statistical Pattern

Recognition, Vol. 6218 of Lecture Notes in Computer Science, Springer, pp. 640-649.

• Susnjak, T. and Barczak, A. (2009), Accelerated classifier training using the PSL

cascading structure, in, Advances in Neuro-Information Processing, Vol. 5506 of

Lecture Notes in Computer Science, Springer, pp. 945-952.

Technical reports:

• Susnjak, T., Barczak, A. L. C. and Hawick, K. A. (2010), A novel bootstrapping

method for positive datasets in cascades of boosted ensembles, Research Letters in

the Information and Mathematical Sciences Volume 14, pp.17-24, ISSN 1175-2777,

Institute of Information and Mathematical Sciences, Massey University Albany.

• Susnjak, T., Barczak, A. L. C. and Hawick, K. A. (2009), Accelerated face detector

training using the PSL framework, Research Letters in the Information and Math-

ematical Sciences Volume 13, pp.68 - 80, ISSN 1175-2777, Institute of Information

and Mathematical Sciences, Massey University
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Thesis Structure

Following the introduction, this thesis is organized into 9 chapters. Chapter 2 reviews the

broad field of ensemble-based learning. Since there currently exists no definitive taxonomy

of ensemble-based learning [148], greater emphasis is placed on reviewing methods that are

directly related to this research. Given the lack of an agreed and standardized taxonomy

of ensemble-based systems in the published literature, the chapter presents the underlying

fundamentals which underpin the field while emphasizing other subfields in proportion to

their relation to the objectives of this research. This chapter highlights some ongoing

challenges and open questions within ensemble-based learning, to which this research

attempts to make a contribution.

Chapter 3 discusses the general and common methods employed across all the experi-

ments in all the chapters. Each chapter thereafter, presents algorithms and results dealing

with different sets of questions and expands slightly on the general methodology in order

to discuss the specific details of its experimental implementations.

The preliminary findings of the applicability of PSL to the problem of face detection

are presented in Chapter 4. This leads on to research using larger datasets for the purpose

of developing modifications that enable a greater degree of scalability in Chapter 5. The

problem of PSL classifier real-time adaptability in dynamic environments is discussed

in Chapter 6 before the focus shifts towards multiclass learning. Chapter 7 proposes

modifications to the PSL training which enable multiclass learning, while the subsequent

8th chapter demonstrates how existing single layered ensemble algorithms can be converted

into effective cascaded classifiers. The concluding 9th chapter then follows.
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Chapter 2

Ensemble-Based Machine

Learning

The goal of this chapter is to provide a short overview of the primary components of

ensemble learning. Since no definitive taxonomy of ensemble-based learning currently

exists [148], greater emphasis is placed on reviewing methods directly related to this

research.

The theory of ensemble learning is initially covered with the focus primarily being on

methods for creating diverse classifiers as well as methods for combining the output of

classifiers. The concept of boosting is reviewed from the perspective of binary and multi-

class learning, while relevant boosting algorithms to this research are presented in greater

detail. Finally, the chapter concludes with the introduction of coarse-to-fine learning

methods within the context of the emerging challenges they attempt to address.

2.1 Theory

At the heart of the computational learning theory lies the principle of learnability. It can

be said that a target concept is strongly learnable if the learner, when exposed to instances

of an unknown concept, is with high probability able to induce a classifier that is strongly

correlated with the true function in polynomial time. In this sense, the learner is said to

be probably approximately correct (PAC) [168]. Conversely, a target concept for which a

learner induces classification rules that are only just better than a random guess, is loosely

correlated with the true function and is said to be weakly learnable. The question posed

by ensemble based learning is therefore: ”Is it possible to induce a strong classifier, by

generating a committee of weak classifiers?”.

In the seminal work, Schapire [139] provided an affirmative answer to this question by

demonstrating that the notions of strong and weak learnability are equivalent. His research

showed how the weak learnability of an algorithm can be boosted in order to arrive at a

strong classifier. This laid down the foundation of boosting itself, which is presently the

most widely used ensemble-based method for machine learning and the most significant

learning idea introduced in the past two decades [148].

Since then, a raft of successful applications has been developed involving ensemble-

based methods to difficult real-world problems which extend across a broad range of

domains [112, 134]. For example, applications in remote sensing have been developed
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for mountain terrain classification [56], agricultural [54] as well as urban [37] land clas-

sification. In the sphere of person classification, the ground braking work by Viola and

Jones [175] demonstrated real-time face detection, person identification [163], and speech

recognition [106]. Medical applications have been designed for pharmaceutical molecule

classification [164] as well as MRI [121] and ECG [87] classification. In addition, ensemble

learning has been applied to finance [84], manufacturing [96], spam email [125] amongst

others. The most recent research is located in the proceedings of dedicated conferences

for ensemble based methods such as the annual Conference on Multiple Classifier Systems

(MCS) [138].

There are a number of theoretical reasons why ensemble-based solutions have proved

to be effective and preferable over single classifier methods. Firstly, it is well understood

that the accuracy of a classifier is to a large extent dependent on appropriately matching

a learning algorithm to the properties of the data for a given application domain [112].

Ensemble methods mitigate against the dependence between a learning algorithm and the

application domain. They accomplish this by generating numerous classifiers that differ

in type or parameter instantiations and whose outputs can be intelligently combined in

order to reach a more informed decision. Ensemble methods therefore provide robust

statistical justifications for their use. Though an individual classifier within an ensemble

may generalize better than the entire ensemble on some problems, both the risk of an

ensemble performing poorly is reduced and its applicability across a range of problems is

significantly increased.

Ensemble methods are intrinsically more capable of handling datasets with varying

complexities. Large datasets can be efficiently handled by ensemble methods through

partitioning. Classifiers can be trained on disjoint or overlapping dataset slices. Fre-

quently, the task can then be reduced to an embarrassingly parallelizable one, through

which more tractability can be brought into the learning process.

Periodically, the boundaries separating the classes are too complex to be defined with

a given inducer due to overlapping class boundaries, noise and outliers. In these instances,

ensemble methods are also able to overcome the learning complexity through divide-and-

conquer approaches. With an intelligent decomposition strategy, an ensemble classifier can

be designed whereby each constituent classifier learns the class boundary of a different

subset of the input space. When combined, the ensemble is then able to represent a

comprehensive understanding involving all the class boundaries.

Ensemble methods are also effective at handling problems with sparse data or imbal-

anced learning which is frequently associated with degradations in accuracy [62]. Ensem-

ble learning lends itself well to such problems since it can be combined with re-sampling

techniques. In these cases, diverse classifiers can be generated using unstable inducers to

form robust ensembles from randomly generated overlapping datasets. Lastly, ensemble

methods enable the fusion of multiple data sources in their training as opposed to sin-

gle classifiers. This can yield much more accurate classifiers, as well as introduce more

efficiency during detection, through coarse-to-fine strategies.

In order to appreciate how ensemble methods realize these benefits, it is important

to explore two fundamental components of ensemble learning, namely, ensemble diversity

and ensemble output-combination strategies.
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2.1.1 Ensemble Diversity

In ensemble systems, it is necessary that individual classifiers make classification errors

on different instances. Therefore, the goal of ensemble methods is to generate multiple

classifiers with sufficiently different class boundaries or inductive biases [105]. Ideally, the

individual classifiers will agree on the target class instances and disagree on non-target

class instances. With a strategic combination of the classifiers’ votes, the collective gener-

alization ability will be better than that of any individual classifier within the ensemble.

The importance of diversity has been demonstrated by Ali and Pazzani [1], Tumer

and Ghosh [167], showing how it can reduce the variance error without increasing the bias

error. Indeed, diversity has also been shown [6] to decrease bias error as well when it is

combined with the theory of large margins.

Ensemble diversity can be obtained using several approaches. The most common

method is to manipulate the training datasets for each iteration. Boosting achieves this

by altering the instance weights after each round, enabling the inducer to focus on the more

difficult samples. Bagging [12] generates a different subset of the original dataset by means

of re-sampling with replacement for each round. Both methods employ unstable classifiers

as their base models in order to generate appreciatively different decision boundaries even

on small perturbations in data and training parameters.

Maimon and Rokach [97] attain diversity through a dataset partitioning strategy which

randomly partitions a dataset into m disjoint sets with the difference that all the data is

processed. Chawla et al. [21] demonstrate scalability as well as accuracy by applying this

method on a distributed environment with thousands of small disjointed subsets. Other

methods promote ensemble diversity by manipulating the inducer. In the case of C4.5

[127], this can be done by varying the confidence level parameter which greatly affects

the learning. By executing C4.5 with different parameters for a number of iterations,

sufficiently diverse decision trees can be generated in order to form an ensemble. Likewise,

several neural networks can be trained, whereby diversity is obtained by selecting different

topologies [110], varying the number of nodes [69] as well as initialization weights and error

goals.

Diversity can also be accomplished by combining altogether different classifiers [103,

178], like neural networks, decision trees, nearest neighbor and SVMs, though this is used

only on specific problem domains that warrant them [120]. Similarly, different features

can be used on different classifiers. Of this category, the random subspace method [64]

has been applied to numerous applications by generating different classifiers through the

use of random feature subsets.

Measuring Diversity

A number of measures have been proposed in order to provide a quantitative assessment of

ensemble diversity. The pairwise approach generates L(L−1)
2 diversity values for L number

of classifiers. For each comparison of classifiers i and j, a 2 × 2 matrix is created that

records the fraction of instances that both are in agreement in classifying correctly and

incorrectly as well is the fraction of instances on which they disagree. From these results,

the correlations and the Q-Statistics are calculated. In addition, the probabilities for

disagreement and the double fault measures can be deduced.
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The non-pairwise measures produce a single value for the entire ensemble and usually

the entropy measure and the Kohavi-Wolpert variance is used in this instance. However,

determining which diversity measure is the most effective has proven elusive to the research

community. After extensive research, Kuncheva [81] concludes that no diversity measure

consistently correlates with high accuracy measures.

Inevitably, the question “which ensemble diversity method is best”will be raised and

numerous research endeavours have examined this. There is broad agreement that the “no

free lunch theorem” [186] applies in this regard [120]. In essence, the most appropriate

method depends on the structure of data and prior knowledge while, simplest and least

complicated approaches should be given priority according to Occam’s Razor.

2.1.2 Combining Ensemble Outputs

The second key component of ensemble systems is the aggregation strategy, which com-

bines the individual classifier votes and formulates a final classification decision. These

can generally be divided into two categories.

The first category called classifier fusion, considers the decisions of all classifiers and

combines them into a single classification. Classifier selection on the other hand, presumes

that there is an expert authority with competence to select the most appropriate classifier

or classifiers for a given prediction task.

Combination approaches can also be categorized into trainable and non-trainable.

For trainable approaches, the combination parameters are determined by an additional

algorithm subsequent to the training of an ensemble. The non-training methods generate

the necessary combination parameters during the ensemble-generation phase.

Classifier outputs can be either class labels or continuous-valued outputs that repre-

sent the degrees of confidence each classifier assigns to class labels. The continuous-valued

outputs can be used to estimate the class conditional posterior probabilities on which nu-

merous classifiers rely. However, for the purposes of this discussion, only combination

methods for classifiers that output class labels are summarized, since these types of clas-

sifiers were exclusively used in this research.

Considerable effort has been invested into determining which ensemble combination

methods are the best. There is general agreement that no universally best method exists

and that the combination methods are highly dependent on the particular problem at

hand [2, 49, 74].

Ensemble Fusion

In ensemble fusion, each classifier possesses knowledge about the entire feature space.

Therefore, some form of majority or average voting schemes are often employed [81]. Given

a data instance (xi, yi) and the final ensemble classifier H(xi) ∈ Y , where Y ∈ {−1, 1}

is the domain for a binary class problem, let the prediction of a class label c of the tth

classifier ht be defined as h(xi) where

ht(xi) =

{

1 yi = c

0 yi 6= c

then plurality or majority voting can be defined as:
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H(xi) =
C

arg max
c=1

T
∑

t=1

ht(xi). (2.1)

Majority voting has been shown to be an optimal combining scheme given minor

assumptions that: (1) the ensemble comprises an odd number of classifiers; (2) for any

instance x, the probability for each classifier selecting the correct class label c is p; and

(3) that the classifier outputs are independent [120]. This combination scheme is often

used as a benchmark against newly proposed combination methods [133].

Variations of majority voting can be defined where the ensemble selects the class c on

which every classifier agrees (unanimous voting) or as simple majority, whereby at least

one more than the half of all the classifiers within an ensemble must reach consensus.

If it can be established that the classifiers possess varying degrees of competence, then

it is reasonable to expect an improvement in accuracy when greater importance is assigned

to more qualified classifiers. Weighted majority voting attempts to address these situa-

tions and can under these circumstances produce higher accuracies than plurality voting.

Supposing there exists a method of quantifying each classifier’s future performance, then

it is possible to assign a weight αt to each classifier ht that is proportional to its esti-

mated accuracy. Therefore, classifiers under this combination scheme predict class c for

an instance xi if

H(xi) =
C

arg max
c=1

T
∑

t=1

αtht(xi) (2.2)

where the total weighted vote for class c is greater than that received by any other class.

Different methods exist for estimating classifier competencies for the assignment of

weights. Algorithms like AdaBoost determine classifier competencies during the ensemble

generation process and base the weights on the performances of the classifiers on the

training data. The αt value is calculated as 1
2 log(

1−εt

εt
), where εt represents the weighted

training error of a classifier ht on round t.

Methods like performance weighting have the ability to decouple the ensemble genera-

tion phase and the weight assignment procedure. With this approach, weights can be set

proportional to the accuracy of each classifier on a validation set as a post-hoc procedure

[110] after the ensemble has been generated. The weight αt can be defined as

αt =











(1− εt)
T
∑

j=1
(1− εj)











. (2.3)

Ensemble Selection

The theory behind ensemble selection is to devise a scheme which is capable of selecting a

classifier or classifiers that are most capable for evaluating a given instance x. The concept

works well when classifiers are trained to specialize on different regions of the input space

and are assigned the sole responsibility for predicting objects within them. This approach

was first suggested by Dasarathy and Sheela [28], and was used by them to combine a
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linear classifier and a k -nearest neighbor classifier. Though ensemble selection strategies

have not been as widespread as ensemble fusion, Kuncheva [81] argues that it is likely the

better of the two, provided that the classifiers are well trained.

Sometimes expert classifiers for a given instance x are identified dynamically at run-

time. Such methods are referred to as a priori, since they identify competent classifiers

solely on the location of the instance x in the input space, prior to determining what class

labels the classifiers might suggest. Rastrigin and Erenstein [128] demonstrated this strat-

egy using the k -NN method. Based on the location of x, this method locates k nearest

classifiers from which the most accurate is selected. The information on which classifiers

represent the k nearest neighbors for given inputs x, is gathered from the training or

validation sets.

Dynamic methods like this suffer from increased computational loads during runtime.

Alternatively, regions of competence can be estimated before the classification phase.

Frequently, the training datasets are partitioned into such regions and a classifier or a

group of classifiers are trained on them as experts. The partitioning process may divide the

datasets horizontally as subsets of rows, or vertically as subsets of attributes. Kuncheva

[78, 79] proposes a clustering and selection algorithm whereby the k -means procedure is

used to create competence regions for specialized classifiers. The drawback however, is

that the effectiveness of such strategies tends to depend more on the manner in which the

clusters are created, rather than on the process of accurately estimating the competence

levels between the regions [81].

This research relies extensively on the concept of ensemble selection that is inherent

within the cascaded classifiers and is discussed in greater detail later in this chapter. In

essence, cascade classifiers can be categorized as ensemble selection methods since they

are ordered into hierarchical layers. In order to classify an instance x, the first layer

is evaluated against this instance. If the confidence of its prediction exceeds a given

threshold, then the classifier assigns a label to the instance x, otherwise the prediction

is forwarded to the next layer in the hierarchy. Each layer is trained on datasets that

represent different portions of the input space and in the case of cascades, this input

space is of increasing complexity. Thereby, a more informed decision can be made for an

instance x as it is passed to succeeding layers.

The mixture-of-experts [70] algorithm is a sophisticated ensemble selection technique.

It trains a gating network which serves as a dynamic rule-combination method. The gating

network is learned using training data and it selects from different possible combination

strategies to produce the most accurate instance-specific results. The mixture-of-experts

has been found to be effective for classification problems where certain classifiers in unison,

consistently classify given instances correctly and incorrectly [133].

2.1.3 Optimal Ensemble Training Procedures

Determining the number of classifiers to train is a crucial component of ensemble learning.

The size of an ensemble has an effect on both the generalization, training and detection

runtimes. There are three general categories into which strategies for deciding the ensem-

ble size can be placed. Firstly, the size of an ensemble can be determined prior to training.

Many ensemble based algorithms provide tunable parameters for specifying the number

of iterations that are to be executed. This parameter can be set by a practitioner for
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different problem domains. AdaBoost and Bagging are typical algorithms that provide

these parameters. In the case of cascade training, both the total number of classifiers

within each layer and the total number of layers can be bounded.

Strategies also exist for determining the ensemble size dynamically during the training.

Usually these strategies continue training based on the criterion that each additional

classifier contributes to an increased accuracy measure. Once this condition can no longer

be satisfied, the training finishes [13]. Kuncheva [81] offers a strategy for combining

diversity measures directly into ensemble design during the training runtime. The proposal

is to employ the kappa-error diagram and the Pareto optimal set for calculating the degree

of diversity being contributed by each classifier, with the condition of halting training once

the diversity fails to increase.

Just as tree induction sometimes benefits from pruning, the same principle can be

applied to ensembles. Zhou and Chen [198] proved that it is indeed possible to select out

a subset of the original ensemble which is better than the original. Subsequent research

by Liu et al. [91] showed that small subsets of the ensemble can preserve the accuracy

and encapsulate the diversity of the larger ensemble. These successes spawned numerous

ensemble thinning approaches; however, the two most popular approaches remain ranking-

based and search-based methods [134].

Ranking based methods operate on the level of individual classifiers. Each classifier is

ranked individually based on a criterion and the best classifiers above a certain threshold

are selected. A separate validation set can be used for ranking classifiers based on their

accuracy.

Search-based methods tend to consider the collective accuracies of subsets of classi-

fiers over the search space of all possible ensemble subsets [198]. Rokach [132] proposes

ranking the classifiers based on their receiver operating curve (ROC) performance. The

top classifiers are selected to form the initial ensemble subset. Subsequently, a search over

the remaining classifiers is performed. New classifiers are appended to the subset until

several successive additions no longer improve the performance.

Clustering-based pruning methods on the other hand, perform an additional phase

prior to the thinning procedure. The first phase clusters the classifiers based on the

double fault measure of diversity from the matrices of pairwise comparisons [55], or a

k -means algorithm [83].

Determining which of the three strategies for designing ensembles is universally the

most effective, remains an open question. Choosing an appropriate strategy depends on

the problem at hand. Using a predetermined number of classifiers prior to training may

result in inefficient and redundant classifiers. However, dynamic halting criteria risks

creating poor classifiers if the training is terminated after initially generating several over-

fitted classifiers, despite the ability of subsequent classifiers to produce the best accuracy

[102]. Finding optimal subsets that match or improve the accuracies of the original en-

semble is NP-hard [98]. This becomes intractable on complex real-world problems that

require thousands of classifiers for a given classification task. At least in the case of Ad-

aBoost, classifier thinning has not been found to be effective for accuracy improvements

[98]. It has been suggested that this is likely to be due to the fact that boosting amplifies

diversity by design and as a result is resistant to redundancy Kuncheva [81] .
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2.2 Boosting

Boosting [139] is a general method for iteratively improving the accuracy of weak learners.

Schapire proved that weak learners, that are only slightly better than a random guess, can

be combined to constitute strong learners which in turn yield classifiers that are capable

of arbitrarily high accuracy rates. The initial boosting algorithm has been described as

one of the most significant developments in the recent history of machine learning.

Boosting proceeds to generate ensembles by re-sampling the data and combining the

outputs through majority voting similar to Bagging. However, boosting differs in that it

strategically re-samples data in a way that is geared to focus the learning on more difficult

samples.

The original boosting algorithm creates three weak classifiers. The first weak classifier

c1, is trained on a randomly generated subset S1. The next classifier c2 is trained on a

more informative subset S2, which comprises of instances where the first half are correctly

classified by c1 and the other half are misclassified by c1. The final classifier c3 is learned

from instances of S3, which consists of instances that both c1 and c2 disagree on.

Given the error εt of the best performing classifier t and provided that all classifiers

generate f(ε) < 0.5, Schapire demonstrated that the error of the boosting algorithm is

bounded from above by

f(εt) = 3εt − 2ε3t (2.4)

meaning that the boosted ensemble will always perform better than the best individual

classifier. Due to this remarkable property, the concept of boosting has attracted immense

research. The most celebrated product of this has been AdaBoost which was initially de-

signed to handle two-class problems. Its intuitiveness and sound performance guarantees

have seen it described as being one of the most influential algorithms in computational

intelligence [120]. Its success and popularity has spawned a vast number of variant algo-

rithms as well as extensions of it to multiclass problems that are discussed later in the

chapter.

2.2.1 Binary Class Problems

AdaBoost (Algorithm 1) improves on the original boosting algorithm by introducing an

iterative process. The key departure from the original boosting algorithm lies in its usage

of non-uniform distributionsD of the data to replace re-sampling and the use of a weighted

majority combination instead of majority voting.

AdaBoost constructs an ensemble initially with a uniform distribution of weights over

all instances. On each distribution Dt, a weak classifier ht is induced and added to

the ensemble. A weighted error εt over Dt is then calculated and verified that it is

εt <
1
2 . The voting weight of ht is calculated as being inversely proportional to εt and

is assigned to ht as its estimated predictive competence. Subsequently, the distribution

Dt+1 is updated whereby the weight of each misclassified sample is increased in proportion

with the accuracy of ht. The weights are normalized with the effect that the weight

of the correctly classified samples is decreased. With this mechanism, the learning for

each distribution t + 1, greater learning emphasis is placed on more difficult samples by

compensating for previous mistakes.
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Algorithm 1: AdaBoost

Input : A set of training examples (x1, y1), ...(xn, yn) where xi is a feature ∈
X and yi is a class ∈ {−1,+1}, n is the number of elements and with
T as the number of boosting rounds.

Output: A linear combination of weak classifiers ht(xi), each a factor αt.

D1(xi) = 1
n
, i = 1, ..., n1

for t = 1 to T do2

ht = WeakLearn(Dt)3

εt =
∑n

i (Dt(xi)ht(xi)yi)4

αt = 1
2 ln( (1−εt)

εt
)5

for i = 1 to n do6

Dt+1(xi) = Dt(xi) exp(−αtyiht(xi))7

end8

Dt+1(xi) = Dt+1(xi)
Pn

i Dt+1(xi)9

end10

return H(x) = Sign(
∑T

t αtht(x))11

At classification time, an instance xi is evaluated by every weak classifier ht. Each

evaluation ht(xi) returns a value for one of the class labels {−1, 1}, that is multiplied by

the confidence coefficient αt. The sum of all terms results in either a positive or a negative

value. The sign of this sum signifies the class label that the ensemble has voted on.

The repeated distribution updates result in the weak classifiers sequentially minimizing

the exponential bound on the error rate. Provided that εt <
1
2 for each ht, the upper

bound on the weighted training error is guaranteed to decrease monotonically with each

additional ht+1. Generalization bounds have also been developed from the perspective

of voting margins. For a two-class problem where y ∈ {−1, 1}, the voting margin m is

defined as

m =











yt

T
∑

t=1
αtht(D)

T
∑

t=1
|αt|











(2.5)

where m is positive if and only if the classifier H correctly classifies a sample. Moreover,

the value m represents the degree to which the average number of weighted votes over D

for a correct class label, exceeds the average weighted vote for the incorrect class labels.

As the voting margin increases, the degree of confidence in the classification increases and

the expected test error decreases [141].

Subsequent research in the last decade has witnessed a plethora of AdaBoost variants:

RealBoost [45] extends the classification outputs into confidence-rated predictions; Gen-

tle AdaBoost [46] enables more resilience to outliers; Asymmetric AdaBoost modifies the

re-weighting scheme to favour positive samples; Float Boost [88] aims to reduce ensemble

redundancy through pruning; Local boosting [196] reports higher accuracy and robust-

ness to noise through boosting-by-resampling; instance-based on-line boosting [85, 111];

Bühlmann and Hothorn [18] propose Twin Boost which reportedly has an improved fea-
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ture selection mechanism that yields both simpler and more accurate ensembles.

2.2.2 Multiclass Problems

Multiclass classification presents considerably greater accuracy and performance chal-

lenges than binary-class problems since the probability of making an error is higher. A

common approach has been to decompose multiclass problems into a series of more man-

ageable binary subproblems instead of applying explicit multiclass-algorithms directly [94].

There are a number of methods available for achieving this decomposition.

Multiple Binary Classifiers

Traditionally, the most popular decomposition approaches have been the one-against-all

(OAA) and one-against-one (OAO) strategies [3, 86]. The OAA approach constructs k

number of classifiers for a k -class problem. Each classifier is trained to distinguish each

class i from the remaining classes in which case a binary-class boosting algorithm suffices.

At detection time, the ideal outcome of the combination of classifiers is a unique

vote for a single predicted class. Since this is often not the case, ties are either broken

arbitrarily [58], or an additional value that signifies confidences of the classifiers is derived

and used to resolve conflicting predictions [77]. A known disadvantage of this method is

the unbalanced nature of the training sets for the classifiers, which may complicate the

induction of accurate class decision boundaries [62, 72, 134].

The OAO approach, known also as the round robin classification, proceeds to binarize

the multiclass problem into a series of pairwise classification sub-problems. Each class i is

trained to differentiate between all other individual class instances. This results in k(k−1)
2

number of classifiers being generated. Although OAO generates a total number of binary

classifiers which is in the order of k2, the actual training runtime is usually not excessive

since the training task of differentiating only two classes is much simpler. Due to the fact

that there are fewer instances being considered, the inducer has a much greater freedom

in fitting the decision boundary between two classes than between the entire set of classes

[50].

The final prediction of OAO classifiers is most commonly achieved through a majority

voting scheme [77]. A crucial shortcoming with the majority voting scheme in this context,

is that many votes are generated by classifiers which have been trained on pairs of irrel-

evant class labels. Consequently, the votes from irrelevant classifiers are also integrated

into the final decision which can adversely influence the final result. Platt et al. [117]

devise a hierarchical strategy to integrate the decision making process of OAO classifiers

through directed acyclic graphs (DAG), which resemble binary decision trees. The DAG-

based strategy works by propagating decisions through the tree by executing a classifier

to differentiate class i from class j at each node. The decision at each node is concluded

as not class i, when j is predicted and vice versa until the leaf nodes are reached. Platt

et al. [117] show that the DAG approach is efficient and accurate at aggregating decisions

and demonstrate how an uncompromised accuracy can be achieved without executing all

classifiers within an ensemble.
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Error Correcting Output Codes

Dietterich and Bakiri [30] applied principles from coding theory in the form of error-

correcting output codes (ECOC) usually associated with communication across noisy

channels, to the problem of multiclass decomposition and classification resolution. ECOCs

have since experienced widespread use and success on many applications.

The ECOC method constructs a coding matrix, an example of which can be seen in

Table 2.1. The matrix provides a scheme for training classifiers. The scheme specifies the

different grouping combinations of positive and negative sets that the k > 2 classes are to

be reduced to. For a k class problem, k rows are created for each class. n > k columns are

generated, where each column represents one classifier fi. The bit values in each column

i define a training scheme for relabeling the set of multiclass labels into binary classes.

Each row then becomes a unique codeword for a given class label. Given an unseen input

x, each binary classifier corresponding to a column with output fi(x) ∈ {0, 1}, is executed.

Their combined output produces a binary codeword. This output code is then matched

against the rows in the coding matrix to provide the resolution of the predictions. The

class with the closest matching codeword according to the Hamming distance becomes

the classified label.

Table 2.1: Example of a coding matrix for a four class problem.

classifiers

class f1 f2 f3 f4 f5 f6

c1 1 1 1 1 1 1
c2 0 0 0 0 1 1
c3 0 0 1 1 0 0
c4 0 1 0 1 0 1

output f1(x) f2(x) f3(x) f4(x) f5(x) f6(x)

The quality of the coding matrix is crucial to the success of the method. The ef-

fectiveness of the coding matrix can be assessed using two criteria. The first is the row

separability. The length of the codewords n must be larger than the minimum required

to uniquely differentiate between all the classes. The extra redundancy in the coding

vectors at each row enables the classes to be more separated from each other according

to the Hamming distance. This redundancy and distance allows for the error correction

or compensation to take place in the presence of misclassifications by several classifiers.

The second is the diversity of the columns, whereby the columns are required to be as

uncorrelated as possible.

Dietterich and Bakiri [30] initially showed how the error correcting properties of code-

words could be effectively unified with multiclass training, whereby for each column of

the coding matrix, the classifier learns to discriminate between two subsets of all classes.

Allwein et al. [3] then generalized the approach further by demonstrating how the two

subsets of each bit vector no longer had to represent all possible classes.

Multiclass Boosting

Initial multiclass extensions of AdaBoost, resulted in AdaBoost.M1[44]. The primary

obstacle to initial forms of multiclass AdaBoost, was its requirement that the weak learner
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generate weighted errors at each round that are better than 1
2 . For most multiclass

problems of k > 2, this requirement is much harder to satisfy than random guessing of
1
k
. Consequently, stronger and more computationally intensive weak learners like C4.5

had to be used. As a byproduct, the training runtimes increased. More recently, Eibl

and Pfeiffer [35] and Zhu et al. [199] proposed AdaBoost.M1W and SAMME respectively.

These modifications enabled AdaBoost to operate with weak learners that produce errors

which are slightly better than random guessing of 1
k
.

Freund and Schapire [45] also proposed a powerful boosting algorithm called Ad-

aBoost.M2 which is designed to overcome the rigid error demands of its early predeces-

sors. They designed an algorithm whose strength lies in that it not only learns the difficult

samples, but it also learns from incorrect class labels, where a distribution is introduced

for mislabeled instances to couple the learning and the boosting process. This is achieved

by introducing the idea of a plausible set µ where µ ⊂ Y and Y is the entire set of class

labels. The weak hypothesis can then make a binary prediction for a given sample x, in

which it only has to predict whether a sample belongs to the plausible set or not. The

output of the weak hypothesis is a pseudoloss measure. The hypothesis with the lowest

pseudoloss over all possible combinations of the plausible set, becomes the hypothesis for

round t. In this manner, AdaBoost.M2 guarantees that the best discriminating hypothesis

between all classes is selected at each round.

Due to its strength as a multiclass learning algorithm, AdaBoost.M2 is used as one of

the control methods in this research. Algorithm 2 lists the steps where the notation JπK

used here and subsequently, is defined as 1 if proposition π holds, otherwise 0.

Algorithm 2: AdaBoost.M2

Given: (x1, y1), ..., (xm, ym) where xi ∈ X, yi ∈ Y to make uniform over all
incorrect labels

Output: Hypothesis Hfinal(x) = arg maxℓ∈Y

∑T
t=i αtJℓ ∈ h̃t(x)K

Initialize D̃1(i, ℓ) = Jℓ 6= yiK/(m(k − 1))1

for t = 1 to T do2

Train weak learner using pseudoloss defined by D̃t.3

Get weak hypothesis h̃t : X → 2Y
4

Let ǫ̃t = 1
2

∑m
i=1

∑

ℓ∈Y D̃t(i, ℓ) · (Jyi /∈ h̃t(xi)K + Jℓ ∈ h̃t(xi)K)5

Let αt = 1
2 ln(1−ǫ̃t

ǫ̃t
)6

Update D̃t+1(i, ℓ) = 1
Zt
· D̃t(i, ℓ) exp(αt(Jyi /∈ h̃t(xi)K + Jℓ ∈ h̃t(xi)K))7

where Zt is the normalization factor so that D̃t+1 will sum to 1.8

The first three steps of Algorithm 2 are tightly bound and represent the enhanced

communication between the weak learner and boosting. For each round of boosting, a

weak hypothesis is generated for each permutation of a plausible set µt ∈ 2Y . The goal of

the learner is to minimize the pseudoloss defined as:

ǫ̃t = 1
2

∑m
i=1

∑

ℓ∈Y D̃t(i, ℓ) · (Jyi /∈ h̃t(xi)K + Jℓ ∈ h̃t(xi)K)

where the loss measure penalizes the hypothesis for not including the correct label yi

belonging to sample xi in the plausible set as yi /∈ h̃t(xi), and additionally penalizes

each incorrect label ℓ 6= yi that is part of the plausible set as ℓ ∈ h̃t(xi). The αt value
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is calculated as in binary AdaBoost, after which the algorithm proceeds to update the

distribution using the same approach used for calculating the pseudoloss measure. The

final hypothesis classifies an instance according to the label which occurs most frequently

in the plausible sets that is selected by the weak hypotheses.

Though experiments with AdaBoost.M2 have indicated that it performs very well,

there are some drawbacks to it. The first is its training runtime [44, 58]. From line 2 in

Algorithm 2, it becomes clear that the number of possible plausible sets rises exponentially

with the number of class labels in the training set. An exhaustive search over the entire

possible range of permutations of the plausible set rapidly becomes unfeasible for datasets

containing class labels k > 10. The second disadvantage is encountered in the process of

implementing the algorithm. Since the boosting and the weak learner are tightly coupled,

it requires modifications to the weak learner in order to enable it to use the pseudoloss

measure which complicates the implementation.

A common criticism of the two-stage decomposition approach to training classifiers in-

dependently and then combining their prediction votes as seen in OAA, OAO and ECOC

is that the binarizing step is done a priori without considering the properties and char-

acteristics of a dataset [3, 72, 94]. Furthermore, Allwein et al. [3], Jin and Zhang [72]

point out that in respect to ECOC, some artificially created binary sub-problems may be

difficult to learn due to complicated multimodal decision boundaries. Finding an optimal

coding matrix for ECOC methods has been shown to be NP-hard [27]; however, some

heuristics have been proposed. The most popular of these are AdaBoost.OC (output cod-

ing) [44] and AdaBoost.ECC (error-correcting code) [58], which have effectively unified

boosting with ECOC [134]. Due to their widespread usage and the still ongoing research

surrounding them [72, 86, 134, 154], both boosting algorithms are implemented in this

research as baseline models.

Algorithm 3: AdaBoost.OC

Given: (x1, y1), ..., (xm, ym) where xi ∈ X, yi ∈ Y to make uniform over all
incorrect labels

Output: Hypothesis Hfinal(x) = arg maxℓ∈Y

∑T
t=i αtJht(x) = µt(ℓ)K

Initialize D̃1(i, ℓ) = Jℓ 6= yiK/(m(k − 1))1

for t = 1 to T do2

Compute colouring µ : Y → {0, 1}3

Let Ut =
∑m

i=1

∑

ℓ∈Y D̃t(i, ℓ)Jµt(yi) 6= µt(ℓ)K4

Let Di = 1
Ut
·
∑

ℓ∈Y D̃t(i, ℓ)Jµt(yi) 6= µt(ℓ)K5

Train weak learner on examples (x1, µt(y1)), ..., (xm, µt(ym)) weighted according6

to Dt

Get weak hypothesis ht : X → {0, 1}7

Let h̃t(x) = {ℓ ∈ Y : ht(x) = µt(ℓ)}8

Let ǫ̃t = 1
2

∑m
i=1

∑

ℓ∈Y D̃t(i, ℓ) · (Jyi /∈ h̃t(xi)K + Jℓ ∈ h̃t(xi)K)9

Let αt = 1
2 ln(1−ǫ̃t

ǫ̃t
)10

Update D̃t+1(i, ℓ) = 1
Zt
· D̃t(i, ℓ) exp(αt(Jyi /∈ h̃t(xi)K + Jℓ ∈ h̃t(xi)K))11

where Zt is the normalization factor so that D̃t+1 will sum to 1.12

AdaBoost.OC and AdaBoost.ECC merge ECOC principles with boosting and also
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overcome significant computational drawbacks of AdaBoost.M2. The ECOC-based boost-

ing methods iteratively generate columns of the coding matrix so that the confusion be-

tween classes is reduced at each boosting round. Algorithm 3 describes the detailed steps

of AdaBoost.OC, while theoretical proofs for it can be found in [44].

AdaBoost.OC proceeds by first generating a coding function that the authors refer to

as the colouring µ. The colouring function generates the columns of the coding matrix

and maps all class labels Y → {0,1}. Similar to AdaBoost.M2, AdaBoost.OC maintains

an additional distribution D̃ at each round t. By applying the colouring function µt to D̃,

value Ut is generated which represents the error correcting ability of the column matrix µt.

µt, Ut and the distribution Dt are then combined to compute the weight of distribution

Dt. A binary classifier ht is subsequently learned on the adjusted distribution Dt. This

differs from AdaBoost.M2 which learns on D̃t. The pseudo error ǫ̃t is then used as in

AdaBoost to produce the confidence value αt. Lastly, the distribution D̃ is updated as in

AdaBoost.M2 with αt. The final hypothesis H on sample x is computed as being the class

label l, which receives the highest weighted vote from all class labels returned by ht(x).

AdaBoost.ECC resembles AdaBoost.OC in many respects (Algorithm 4), but differs in

that it does not calculate the αt value based on the pseudo-error at each round t. Instead,

it selects αt and βt values at each round which represent the positive and negative votes

of the hypothesis X → {−1, 1} on the binary problem. According to its authors [58],

it thus represents a more direct reduction of multiclass learning to the binary form. At

classification, the function gt(x) · µt(l) returns the vote of the value for a class label l.

The final hypothesis H(x) outputs the class label y which scores the maximum sum of

all the constituent hypotheses gt(x). The authors maintain that AdaBoost.ECC is a

computationally simpler algorithm, which in their research has displayed superior results

over AdaBoost.OC.

Algorithm 4: AdaBoost.ECC

Given: (x1, y1), ..., (xm, ym) where xi ∈ X, yi ∈ Y to make uniform over all
incorrect labels

Output: Hypothesis Hfinal(x) = arg maxℓ∈Y

∑T
t=i gt(x)µt(ℓ)

Initialize D̃1(i, ℓ) = Jℓ 6= yiK/(m(k − 1))1

for t = 1 to T do2

Compute colouring µ : Y → {−1, 1}3

Let Ut =
∑m

i=1

∑

ℓ∈Y D̃t(i, ℓ)Jµt(yi) 6= µt(ℓ)K4

Let Di = 1
Ut
·
∑

ℓ∈Y D̃t(i, ℓ)Jµt(yi) 6= µt(ℓ)K5

Train weak learner on examples (x1, µt(y1)), ..., (xm, µt(ym)) weighted according6

to Dt

Get weak hypothesis ht : X → {−1, 1}7

Compute the weight of positive and negative votes αt and βt respectively8

Define: gt(x) =

{

αt if ht(x) = 1

βt if ht(x) = −19

Update D̃t+1(i, ℓ) = 1
Zt
· D̃t(i, ℓ) exp{(gt(xi)µt(ℓ)− gt(xi)µt(yi)) ·

1
2}10

where Z̃t is the normalization factor so that D̃t+1 will sum to 1.11
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2.3 Emerging Challenges and Coarse-to-fine Learning

In recent years, automated acquisition and storage of new data has resulted in large and

evolving training datasets becoming common place. Streaming data has also become

more ubiquitous. As a result, machine learning is presently confronted with significant

new challenges arising from changes in the nature of data and its volume. In order to

tackle these challenges, ensemble learning has been greatly aided by being combined with

coarse-to-fine strategies. These challenges are summarized as:

1. the computational costs of learning

2. the classification runtime-constraints

3. timely and accurate class-boundary induction from large datasets

4. classification accuracy on datasets with imbalanced class-distributions

5. classifier adaptation in evolving and non-stationary environments

With the growth of training data, the computational complexity of large-scale learning

has become a limiting factor [9]. Strategies which attempt to overcome the intractability of

some learning tasks are invariably confronted with the trade-offs in respect to the accuracy

of the resulting classifier [129].

In addition, the bottleneck in many large-scale classification problems is the prohibitive

cost of classification at runtime due to the combination of large classifier ensembles and

computationally intensive feature extraction. These problems also present a fundamen-

tal trade-off between the learning complexity and classification error, due to runtime-

computational constraints that need to be considered when designing more efficient clas-

sifiers [180].

Complexity of learning can also be viewed from the perspective of class boundary

induction with weak learners. The ability of a given base learner on some datasets may

not be strong enough to separate the classes [45]. The separability of classes often becomes

a problem within a multiclass setting when striving to maintain low computational costs on

the induction algorithm. The trade-off arises between using more powerful tree induction

algorithms like C4.5, which may result in an improved accuracy, or sacrificing a degree of

accuracy in favour of faster learning [44, 58].

Induction on datasets with highly skewed class-distributions comes with unique dif-

ficulties. Research in this area has been ongoing and while many methods have been

proposed in order to mitigate the challenges, unresolved questions remain. The primary

issue is the ability of imbalanced datasets to seriously compromise the accuracy of most

standard learning algorithms [62, 71].

Simply put, a class imbalance problem can be defined as an unequal distribution of

values between classes. This is referred to as the between-class imbalance. However, there

are different forms of class imbalances and they are all not necessarily detrimental [7]. In

order for a compromise in accuracy to occur in class-imbalanced datasets, the presence of

another form of skew termed as within-class imbalance needs to take place. The within-

class imbalance defines cases when a minority class is represented by an additional sub-

class. The within-class variability worsens predictive performance due to the generation
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of too specific rules around severely underrepresented subclasses of a minority class. In

addition, if the minority class also has noisy samples, this results in over-fitted rules that

further lead to increased error rates [62].

Streaming data is by nature evolving and non-stationary. As such, it poses significant

problems to statically trained classifiers [31, 99, 100, 177]. In numerous domains, addi-

tional knowledge about a target concept needs to be incorporated through new object

descriptors as they become available. In other situations, aspects of a target concept are

rendered irrelevant as the class descriptors for the target concepts morph with time due

to unforeseen changes in the operating environment. These emerging problems require

that the learning algorithms acquire some measure of adaptability. In many domains, the

adaptability needs to be efficiently realized without resorting to retraining of an entire

ensemble and thereby discarding all previously learned information and requiring lengthy

re-training runtimes [177].

There exist a number of strategies that can loosely be termed coarse-to-fine (CTF)

learning methodologies. CTF learning combines ensemble approaches with higher levels of

abstraction and hierarchies in order to explicitly or implicitly address some of the above

problems. The strategy of CTF methodologies is to iteratively generate intermediate

solutions to a problem, which are increasingly specific and more refined at each step.

CTF learning is beginning to gain more traction within the ensemble systems commu-

nity due to its successes in tackling some difficult problems within computer vision and

natural language processing [115]. Though CTF methods have not yet received sufficient

study and been formalized as a general machine learning problem, there is increased focus

on this task as evidenced by specialized Coarse-to-Fine Learning and Inference interna-

tional workshops [82].

2.3.1 Cascades of Ensembles

A conventional non-cascaded ensemble classifier H, can be said to consist of T weak

classifiers hi,...,T . During the training phase, if boosting is used as a method of diversity,

then each weak classifier is exposed to every training sample. At classification, the weak

classifiers are combined linearly, where the evaluation of each hi(x) is necessary in order

to formulate a decision for H(x). Ensemble classifiers of this type can be described as

single-layer or monolithic classifiers.

Cascaded Classifier

A cascaded classifier on the other hand, is comprised of Hi,...,L layers. Each layer Hi

consists of T weak classifiers hi,j,...,T . In the training phase, the weak classifiers hi,j are

not exposed to the same training samples. Given a complete negative set N, the classifiers

at each layer i are trained only on a subset of the whole, where Ni ⊂ N, while the positive

set P is unaltered. Initially, Ni is generated randomly, and subsequently the intermediate

classifier Hi is used to replace the samples from Ni which it correctly classifiers, with

new samples from N that it misclassifies. As a result, each layer i learns to differentiate

samples of increasing difficulty and the decision boundary is refined from coarse to higher

levels of precision.

Each layer i also represents an independent round of boosting, whereby the distribution
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Algorithm 5: Viola-Jones Cascade

Given: P,N, Ni denote sets of positive and two negative datasets respectively,
where Ni is the negative set used on layer i and Ni ⊂ N. 〈fi, di〉 denote the
pair of false positive and hit rates respectively for a given layer i

Output: Cascade classifier H() comprised of Hi,...,L layers, each consisting of
hi,j,...,T weak classifiers and a layer threshold θi.

H = InitializeCascadeClassifier()1

for each layer i to L do2

Ni = Bootstrap(N,H)3

〈P,Ni〉 = InitializeWeights()4

j = 05

repeat6

hi,j = WeakLearn(P , Ni)7

〈P,Ni〉 = ReweightSamples(hi,j)8

θi = FindBestThreshold()9

〈fi, di〉 = Validate(P , Ni)10

j = j + 111

until j > T or LayerTargetSatisfied(fi, di) ;12

Hi = 〈~hi, θi〉13

weights of each training sample are reset. The training error targets for each layer are

simplified so that the requirement is revised to only learning 50% of the negatives from

Ni. The targets for the hit rates are ordinarily set very close to 100%.

The hit rate target presents a problem especially as the latter layers are trained and

as the samples become harder to differentiate. In order to solve this, an artificial layer

threshold (or bias) value θi is adjusted for each layer. In effect, this value lowers the

confidence margin and allows a higher number of positive samples to be accepted, which

enables targets to be met. The trade-off is that a lot more false positives are also intro-

duced, meaning that after each hi,j is trained, the threshold value needs to be manipulated

in an ad hoc manner until the false positive rates also fall within the acceptable targets.

The final TPR and FPR of the whole classifier are the product of the corresponding rates

in each layer Hi [171]. Algorithm 5 details the steps for producing the Viola-Jones cascade

classifier.

At detection time, the cascaded classifier has a form of a degenerative decision tree

[126]. The output of one layer acts as input to the next layer. Each successive classifier is

designed to make predictions which are closer to the class decision boundaries. A positive

classification of the cascaded classifier H is a conjunction of all classifier levels where

∀i,Hi(x) = 1. If the prediction of any layer is Hi(x) = 0, then succeeding layers are not

invoked and the classification for the negative class is adopted.

The initial motivation behind the cascaded classifiers was for the realization of real-

time detection. The cascaded classifiers as such succeeded in providing robust solutions to

requirements of classification under runtime constraints. The underlying strength of the

cascades is their ability to acquire features for classification on demand. The outcome is

that all features do not have to be calculated for each sample. Computationally efficient

classifiers are usually sufficient to provide a reliable judgment at a coarse level, while if it
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Figure 2.1: Cascaded classifier in the form proposed by Viola and Jones [173].

is deemed interesting, a sample is forwarded to increasingly more complex and computa-

tionally intensive features for reconsideration. Not only is this characteristic of cascades

valuable in real-time detection environments, but it has also been shown to be immensely

helpful in medical applications where a number of medical tests have been reduced for

patients [129].

However, cascades come with two competing objectives; namely classification efficiency

and accuracy [129, 180]. Since many samples are evaluated by the initial layers, while only

a few samples are evaluated by the last layers, any increase in the accuracy of the coarse

layers, results in detection-runtime degradation. The advantage of cascades is that they

provide a mechanism for trading off the accuracy and the efficiency of layers. For instance,

this can be achieved through the parameterizing of the ensemble layer size and feature

type complexity. In addition, Viola-Jones demonstrate how a threshold value for each

layer can be tuned which determines the operating point of the classifier at every layer.

Bourdev and Brandt [10] attempt to get around the trade-off between accuracy and ef-

ficiency by maximizing both through their proposed soft cascades. The idea is to first train

a single layer classifier and subsequently, augment the classifier with rejection thresholds.

The rejection thresholds assume a behaviour of a cascade by enabling a rapid rejection of

negative samples without evaluating the entire classifier. Thus, not only can high accu-

racy be attained; but, also real-time detection is realized. However, Zhang and Viola [195]

discuss the difficulty of setting rejection thresholds for a single layered classifier as part of

post-processing. Finding the optimal trade-off between positive detections and the false

positives is not trivial.

Cascaded approaches have demonstrated their ability to significantly reduce large-

scale learning to more computationally tractable tasks [170]. This has been shown to

be particularly effective in rare-event domains [175], but also more widely applicable to

datasets with balanced class distributions [93].

The mechanism by which large scale learning is made tractable under cascaded frame-
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works is through the informed sampling of Ni at the begining of each layer i. The

majority class N is reduced in size after each layer Hi is trained, whereby all samples

Hi(xi) = 0 ∧ yi = −1 are removed from N . Thereby, the redundant information from the

majority class N is not used and as a consequence, explicit learning only takes place on a

subset of samples from N .

Liu et al. [93] explore the bootstrapping mechanism of cascade training in order to

apply it to the problem of imbalanced learning. They show how the bootstrapping proce-

dure can be used as an informed undersampling strategy for providing balanced positive

and negative datasets. Their results indicate that the bootstrapping procedure preserves

relevant information and is particularly effective at addressing the deteriorated accuracy

of minority classes on datasets with skewed class distributions.

Parallel Cascades

Periodically, a single cascaded classifier can become over strained in its attempt to ac-

commodate all the within-class variability of a target object [90]. The consequence is that

the generalizability of the cascaded classifier in highly complex datasets becomes compro-

mised. To counter this, the intuitive approach is to transform the problem into a series of

multiclass learning tasks.

As discussed in 2.1.2, the target class training samples can be divided into subsets

with each one representing a sub-pattern class [197] that is akin to clusters of ensembles.

A cascade classifier is then usually trained for each sub-pattern. Once all the individual

subclass-pattern classifiers are trained, they are deployed at runtime by executing them

in parallel as in Figure 2.2 with their results being merged. The merged result indicates

which sub-pattern class has been detected with the highest probability.

...

...

...

Object detected

+

Layer 1a

Layer 2a

Layer 3a

Layer 4a

Layer 1b

Layer 2b

Layer 3b

Layer 4b

Layer 1c

Layer 2c

Layer 3c

Layer 4c

Figure 2.2: The structure for parallel cascaded classifiers [90].

This method was first proposed by Schneiderman and Kanade [146] who created an

array of parallel detectors for multi-view faces and vehicles. The benefits of this approach

enabled the successful detection of faces with an out-of-plane rotation for the first time.
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Through the process of clustering the dataset, training efficiency was also realized. The

drawback was that the detection runtime was in the order of minutes per frame and thus

rendered it of little value to real-time systems.

Zhang et al. [197] employed the same training methodology to create a multi-view face

detector, though they achieved real-time detection speeds through a novel arrangement of

multiple detectors into an efficient pyramid scheme. Their system still underwent parallel

executions of detectors whose results had to be merged in order to discern a classification.

The idea of generating clusters of ensembles, where each partition possesses a dedi-

cated classification specialization, has also been explored in various forms in conjunction

with the problem of non-stationary environments. Elwell and Polikar [36], Muhlbaier and

Polikar [107] train an additional ensemble for each new snapshot of incoming data that

is incorporated into the existing ensemble. Wang et al. [177] discuss the shortcomings of

conventional ensemble systems as having a lack of semantic awareness, which refers to

each individual classifier of an ensemble not having a corresponding hidden concept it can

be associated with. The outcome being, that there are higher update costs since a larger

proportion of the ensemble require updates as concepts change, together with higher com-

putational costs of identifying the relevant classifiers which must undergo modification.

Cascaded Trees

Alternatively, the problem of within-class variability for target objects as well as the

shortcomings of building a parallel cascaded classifier is addressed by Lienhart et al.

[90], who proposed a tree classifier training structure shown in Figure 2.3. The tree

training structure produces a single classifier. At each node within the tree structure a

k -nearest clustering algorithm is employed to construct branches of the classifier. The

branching has the effect of dividing up the patterns of sub-classes of the target object

into its constituent categories and thus enabling the learning algorithm to produce more

discriminant classifiers. The branching itself is efficient since it is followed through only if

the resulting classifier’s accuracy is improved and the detection runtime complexity does

not deteriorate.

This methodology has been shown to be twice as fast at detection runtime as two

parallel classifiers and even faster than a single classifier with accuracies either preserved

or improved upon [90]. The complexity involved with individually training multiple clas-

sifiers is removed as well as the empirical methodology of selecting sub-pattern classes

during training. However, there are still disadvantages with this structure. The threshold

adjustments associated with the cascaded structure remain. The root node still has to

undergo training with the entire positive training sample set. This may be difficult for

complex datasets with very large in-class variability [5]. In such a scenario, the number

of weak classifiers may increase significantly (adversely affecting both the training and

detection runtimes), or the threshold adjustments may result in a substantially large false

detection rate. Lastly, the k -nearest clustering algorithm is also likely to increase the

training runtime of the detector.
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Figure 2.3: A detector tree of boosted classifiers proposed by Lienhart et al. [90].

2.3.2 Ensembles of Nested Dichotomies

Research motivated by the quest to simplify the decision boundaries of multiclass learning,

has produced methods which decompose the multiclass training task into binary trees of

smaller subproblems. A tree recursively splits sets of class labels at each level, until each

leaf node learns to differentiate a binary class set. This principle approaches a complex

learning task by first performing general discrimination which is then refined at each

step until the final prediction can be formulated. Using this approach generates at most

k − 1 classifiers [94]. This hierarchical decomposition of a multiclass problem is referred

to as nested dichotomies in statistics, and is a standard technique for tackling multiclass

learning with the use of logistic regression [40].

Dong et al. [32], Frank and Kramer [42] demonstrated how to construct and effectively

combine an ensemble of nested dichotomies. By using C4.5 and logistic regression as base

learners, they show that this approach produces classifiers that are mora accurate than

the standard approach of applying these learners directly to a multiclass problem. In

addition, their results compare favorably with the accuracies of OAO, OAA and ECOC

methods. However, the structure of a tree and the manner in which class labels are

grouped influences results [32, 94]. Determining the tree configurations that yield the

optimal accuracies is not a trivial exercise. This problem is magnified particularly with

the absence of a priori domain knowledge regarding the datasets and appropriate class

label groupings. The number of possible tree combinations grows rapidly with the number

of class labels. For a k class dataset, the total possible number can be calculated using a

double factorial (2k − 3)!! This makes an exhaustive brute force search prohibitive over

the entire possible range of configurations. Frank and Kramer [42] randomly sample from

the space of all possible trees in order to find the best configurations. Dong et al. [32]

shrink the size of the search space by limiting it to trees that are balanced in respect

to class labels and the size of the datasets. Their approach addresses the shortcomings

of protracted training runtimes for nested dichotomies when the tree structures become
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extremely unbalanced. They achieve this while maintaining high accuracy rates.

Recently Rodŕıguez et al. [131], proposed a method for constructing forests of nested

dichotomies. By combining the forests of nested dichotomies with a variant of AdaBoost

called MultiBoost [179], they produced training framework, which yields an increase in

the diversity of the base classifiers and subsequently resulted in improved accuracies over

ensembles of nested dichotomies.

2.4 Summary

The two fundamental principles in ensemble systems of diversity and vote-combination

provide ensemble-based approaches with considerable flexibility to tackle the most chal-

lenging of machine learning problems. Given that ensemble-based systems intersect with

such a wide spectrum of disciplines from computer science to statistics and data mining,

the benefits are that many varieties of strategies have become available to innovate with.

Ensemble solutions based on CTF strategies continue to provide effective mechanisms

for trading-off the computational loads of inducing decision boundaries on massive and

complex data streams with those of accuracy. Informed bootstrapping methods used on

cascades, enable large reductions of data that an inductive algorithm explicitly needs to

learn on, while generating real-time capable classifiers. Meanwhile, learning from imbal-

anced datasets has remained an ongoing issue for accurate classification which can be

mitigated to a degree by cascaded classifiers.

Arguably, one of the most relevant and interesting challenges of late has been the need

for classifier adaptability to changing environments. Much recent research has involved

ensemble-based learning and its natural applicability to this as yet unresolved problem.

The capacity of ensemble systems to be partitioned into clusters, whereby, each cluster

becomes responsible for encoding specific concept drifts holds promise.

The succeeding chapters explore the various strategies developed in the course of this

research that leverage coarse-to-fine learning principles in order to address some of the

open questions and challenges outlined.
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Chapter 3

Methodology

This chapter describes the general methods that were common to all experiments in this

research. It covers the overview of the major datasets, feature types and their extraction

methods as well as the types of weak learners employed. Training procedures and classifier

evaluation methods are also discussed together with the description of the environment

and the hardware used. Since the methodology here is not exhaustive, the additional

specifics and details of each experiment are expounded on in the relevant chapters.

3.1 Face Detection Datasets and Feature Types

A total of 15000 facial images were collected for training face detection classifiers. The im-

ages were gathered from various publicly available datasets. The sources were: FERET1,

Yale Face Database B [53] and the face database from the Vision Group of Essex Univer-

sity. Where it was required, the images were cropped in order to isolate only the facial

features to the exclusion of other areas of the head as much as possible. All facial images

were extracted and vectorized to a reduced size of 24 × 24 pixels. The 24 × 24 pixel size

has been a standard dimension2 for training facial images.

The images were predominantly frontal without rotation and articulation; however,

particularly on the Yale dataset, images with some articulation, rotation and strong illu-

mination variations that resulted in feature occlusion were incorporated into the corpus.

In addition, the images from the Essex University Vision Group contained facial gestures.

The accuracy of a classifier is limited by the quality of the training sets used and it was

understood from the outset that due to the large in-class variation, the resulting classifiers

would not compare to the state-of-the-art face detectors; however, this was not the goal.

The incorporation of such challenging images was seen as an interesting test scenario for

the abilities of the algorithms to handle outliers. The images themselves were trained

without any pre-processing steps to counter the effects of the differing lighting conditions,

nor was any additional synthetic data generated for fine tuning classifiers for the test

dataset.

1URL ”http://www.frvt.org/FERET/default.htm”
2This was the dimension used by Viola and Jones [173] and claimed to be the standard by Huang

et al. [66]. 24 × 24 is also the default setting for the OpenCV implementation for face detection training.
However, some notable face detectors have used different kernel sizes: Rowley [135] 20 × 20, Poggio and
Sung [119] 19 × 19, Garcia and Delakis [52] 36 × 36.
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The negative dataset consisted of a total of 2500 images. The dataset was a mixture

of images downloaded from the internet, consisting of a variety of patterns, as well as a

combination of high resolution photo images with different landscapes and backgrounds.

Using the sliding window approach at different positions and scales on the original images,

hundreds of millions of negative samples were generated from these 2500 images. The

bootstrapping approach of Sung and Poggio [155] and discussed in Section 2.3.1 was used

at each layer, whereby all correctly classified negative samples were removed from the

current negative training set. They were then replaced by new negative samples which

the current classifier classified as false positive. Viola and Jones [173] replace negatives

with new subwindows from an image whose positions and scales are randomly selected.

The experiments here did not randomly select parts of an image, but instead sequentially

scanned the image using a subwindow. Each subwindow representing a negative sample

scanned a different negative image for samples. This approach carried lower computational

overheads and was also easier to repeat in order to validate the training code.

The test set for non-adaptive classifiers was the standard benchmark CMU MIT

dataset [136]. This dataset consists of 130 gray-scale images which contains 507 faces.

Using the raster scanning method discussed below, 72,654,174 negative samples can be

generated from all the images. This dataset was specifically created for detecting frontal

views of human faces and is also made up of low resolution and low quality images. Due

to the presence of some cartoon-like faces of different quality, some publications have only

used subsets of this dataset for testing. This research has considered the entire set.

This research considered adaptive face detection classifiers in changing environments

which required an additional domain-specific dataset. Due to a lack of publicly available

datasets for this problem, a custom dataset was created. The specifics of it are presented

in Chapter 6.

Haar-like Features

In order to combine pattern recognition with face detection, a decision had to be made as to

what feature types to use for extracting information from the images. Papageorgiou et al.

[113] introduced Haar-like features to machine learning by modifying the original Haar

wavelet decomposition to allow them to perform object recognition at a finer resolution.

Since the successful application of Haar-like features to face detection by Viola and Jones

[173], they have become common to vision detection systems where the target objects

display consistent geometrical properties. For this reason, Haar features were applied in

this research. The Haar features used in this research are shown in Figure 3.1.

Haar-like features are a mixture of square and rectangle filters, each divided into two

main regions. The filter is applied to an image at different scales and the value for each

filter is the difference of the two regions; where each region is the sum of all its pixel

intensity values. The complete Haar-like feature set is applied to an entire image frame

producing an over-complete feature space. The amount of information that accompanies

this type of a feature set is much greater than the amount of actual raw image data.
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Figure 3.1: Haar-like feature set.

Object Detection

When using feature-based approaches that are combined with Haar wavelets, it is neces-

sary to perform an exhaustive search over the entire image. The object detection phase

of the face detectors in this research consisted of several steps. The process involved is as

follows:

1. the entire image is converted to gray-scale

2. an intermediate integral image is computed based on pixel intensities

3. a sliding window exhaustively scans the entire integral image at differing positions

and scales

4. for each weak classifier, a single Haar feature is extracted from the integral image

5. a classification is made to accept the window as the target object or reject

Many state-of-the-art detectors perform pre-processing of an image before a classifier

is applied. This is usually in the form of normalization in order to minimize the effects

of large illumination variances. The experiments here however omitted this step and

performed detection on the raw data.

During the testing of the classifiers on the CMU MIT dataset, each positive detection

was compared to the ground truth file. The ground truth file provided four pixel positions

that define a rectangle around a positive object. However, there is a large degree of

subjectivity involved in determining how large or small the defined rectangle needs to
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become before a subwindow that encloses a target object is no longer a face. As a result,

a rule was formulated which confirmed a positive detection only if all four corner pixel

positions were displaced from the ground truth positions up to the maximum of 25% of

the width in the x-axis, as well as the height in the y-axis.

Since the training images possess a degree of translational variability, the face detector

classifier is able to handle small shifts in an image. For this reason, the sliding window

did not need to scan every pixel, but could be shifted a predefined ∆ pixels across and

down the two axes following each classification. The choice of ∆ has a significant effect

on the speed of the detector but can also reduce accuracy. In all the experiments ∆ was

set to 2, while the scaling of the sliding window was set to 1.23. The details of the Haar

features and their extraction are summarized in Table 3.1.

Fast feature calculation was performed through the intermediate representation of an

image termed the integral image. Any point (x, y) on an integral image defined as

ii(x, y) =
∑

x′≤x,y′≤y

i(x′, y′), (3.1)

over the original image i(x, y) contains the sum of all pixel intensities to the left, and

above of (x, y), as well as inclusive. The integral image can be computed rapidly with one

pass. Since Haar wavelets consist of rectangles, all that is needed in order to calculate the

sum of intensities within it is the four corner pixels. Beginning with the top left corner

pixel, let the four points on an integral image be defined as:

ψ1 = ii(x, y)

ψ2 = ii(x+ w, y)

ψ3 = ii(x, y + l)

ψ4 = ii(x+ w, y + l)

where w is the width and l is the length, then the sum of the intensities bounded by the

four points can be calculated as ψ4 + ψ1 − (ψ2 + ψ3). This calculation requires only four

array accesses which enables extremely fast calculation of the Haar feature sets.

Table 3.1: Training dataset details together with the properties for constructing the static
classifier.

Property Attribute

Number of Haar-like feature types 8
Maximum Haar-like features per image sub-window 200,000
Minimum pixel area size per Haar-like feature 16
Sliding window scale factor 1.2
Sliding window shift step ∆ 2
Initial sliding window size 24× 24

3These settings closely resemble the chosen configuration by Viola and Jones [173].
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3.2 Multiclass Classification Datasets

The multiclass datasets consisted of 18 benchmark problem sets from the University of

California, Irvine (UCI)4 machine learning repository [41]. They included datasets with

even and skewed class distributions, as well as datasets with considerable variations in

the numbers of class labels, sample sizes and attributes. Unlike the datasets used for face

detection, the multiclass datasets required no separate feature extraction components.

The datasets comprised of instances, represented by feature vectors that were extracted

using various methods which enabled the emphasis to be solely invested into the learning

algorithms themselves. The details of the datasets are shown in Table 3.2.

Some datasets were furnished with separate training and test datasets and when these

were available, they were adhered to. For datasets without an explicit separation for

training and testing, 10-fold cross validation, discussed below, was employed.

Table 3.2: Properties of the multiclass datasets.

Dataset Training Set Test Set Classes Features Class Distribution

letter 16000 4000 26 16 balanced
pendigit 7494 3498 10 16 balanced
optdigit 3823 1797 10 64 balanced
satimage 4435 1762 6 36 skewed
vowel 528 462 11 10 balanced
segmentation 2310 10-fold-cv 7 19 balanced
vehicle 846 10-fold-cv 4 18 balanced
glass 214 10-fold-cv 7 9 skewed
iris 150 10-fold-cv 3 4 balanced
factors 2000 10-fold-cv 10 216 balanced
fourier 2000 10-fold-cv 10 76 balanced
waveform 5000 10-fold-cv 3 40 balanced
waveform noise 5000 10-fold-cv 3 40 balanced
morphological 2000 10-fold-cv 10 6 balanced
shuttle 43500 14500 7 9 skewed
robot navigation 5456 10-fold-cv 4 4 skewed
yeast 1484 10-fold-cv 10 8 skewed
page blocks 5473 10-fold-cv 5 10 skewed

3.3 Weak Learner

The decision stump is the primary weak learner used in this research. Decision stumps are

degenerate trees consisting of only two leaves. They are the simplest type of weak learners

in that their requirement is often reduced to producing error rates that are only just better

than random guessing. The obvious advantage of using such simple inducers is their low

runtime overheads. Decision stumps are commonly combined with boosting. Boosting has

been shown to perform better when employed with weaker inducers like decision stumps,

while empirical evidence has shown that it has the tendency to overfit if used with more

4URL “http://archive.ics.uci.edu/ml/”
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complex learners [141]. The disadvantage is that for datasets with complex and multiple

class boundaries, the discriminative strength of decision stumps may not be enough to

achieve an adequate class separation.

Using an efficient technique described by Viola and Jones [173], the optimal split or

threshold for the decision stump, together with the direction, can be calculated rapidly

with one pass over a given feature vector ~f , where each value fi corresponds to a sample

pair of (xi, yi). The feature vector ~f is first sorted. As the list is traversed from the

first element to the last, only four sums are evaluated and maintained: total sum of the

positive sample weights tp, total sum of the negative sample weights tn, the sum of all

positive sample weights below the current sample sp and the sum of all negative sample

weights below the current sample sn. Given these sums, the minimum training error of

either side of the threshold can then be calculated as

ǫi = min(sp+ (tn− sn), sn+ (tp− sp)) (3.2)

The lowest training error ǫi, together with the threshold value i and the direction, is kept

track of across the traversal of the sorted list and becomes the optimal threshold split. A

slightly more complex domain partitioning learner that calculates multiple thresholds for

multiclass problems is presented as part of multiclass learning in Chapter 7.

3.4 Training Procedures

Due to the repeatability and the deterministic nature of the algorithms used for training

the face detectors, the results of the classifiers were gathered from only one round of

their training. There were instances where some algorithms utilized random selections

of samples at specific stages of learning. Those algorithms were verified for repeatability

by being run several times confirming their stability and low variance. Running all face

training algorithms numerous times and providing averages of the results was prohibitive

in this training domain. This was due to the fact that the training runtimes stretched out

over weeks and the computing resources described below were inadequate for this.

The sensitivity of the measurements for the training runtimes was calculated by run-

ning a fraction of face classifier training 10 times. The execution runtimes of the face

detectors was calculated as an average over 10 runs.

Due to the non-deterministic nature of many of the algorithms used for multiclass

training and due to the considerably smaller computational overheads, all experiments

were run multiple times. On datasets which provided both training and test sets, the

experiments were run 10 times.

In the absence of explicit test sets, 10-fold cross validation was used to mitigate bias

that might be associated with any particular set of samples [184]. The process of 10-

fold cross validation randomly divides a dataset into 10 splits or folds. Training is then

performed on nine of the ten folds, while the testing is carried out on the remaining fold.

In this research the training was performed 10 times on each fold, while all algorithms

trained on the same folds. The error estimates from all runs were then averaged to produce

an overall error estimate alongside which the standard error was reported.
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Implementation and Hardware

All experiments were implemented in C. The OpenCV library was used in order to facil-

itate image processing for face detector training. The bulk of the classifier training was

performed on the machines at the Computer Vision Laboratory at Massey University. Ini-

tially these comprised of 16 machines with Intel 1.93GHz CPUs and 2GB RAM running

Linux Centos OS. These machines were used for the initial phase of this research which

covers the experiments in Chapter 4. These machines were eventually replaced with 16

new Intel 4 Core 2.63GHz PCs with 4GB RAM, running on Centos OS. These machines

provided the processing power for the majority of the remaining experiments. The exper-

iments on adaptive learning were performed on a personal computer whose specifications

are an Intel 4 Core 2.83GHz CPU with 8GB RAM and running Linux Kubuntu. Adjust-

ments were made for runtime results of any other experiment that was also run on this

machine to allow for the slightly different clock speeds of the machines in the Computer

Vision Laboratory.

3.5 Classifier Evaluation Methods

A variety of evaluation measures were used to assess the algorithms and the classifiers in

this research. While the methods for evaluating the generalization of binary and multiclass

classifiers necessarily differed, common to all algorithms and classifiers was the analysis

of:

1. the training runtimes

2. the training convergence in terms of total error achieved or the rate at which the

error decreased with increasing ensemble complexity

3. the size or the complexity of the generated ensemble classifiers

4. the detection runtimes of the resulting classifiers

5. the relative trade-offs between the total generalization error and the training run-

times

Additional criteria considered important by Rokach [134] were also used here when

discussing the merits of an algorithm that involved such aspects as their ability to scale to

larger training and detection tasks. In addition, the robustness of algorithms was also con-

sidered in respect to their ability to handle noisy data. Stability of an algorithm describes

its ability to generate repeatable results and is an important attribute. This property

was considered as well as the usability of the learning algorithms, which is represented

by the provision of comprehensible controlling parameters that can be easily tuned. The

flexibility of a learning method is desirable, whereby the designed algorithm is inducer

and vote-combination method independent. The updatability of the resulting classifiers

from a given algorithm was also taken into consideration.
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Face Detection Accuracy Analysis

For face detection the receiver operating curves (ROC) were used as the primary assess-

ment criteria for the generalization of classifiers. The graphs were generated with the

true positive rate (TPR) and false positive rates (FPR) derived from the sums denting

the detections of true positives (TP), true negatives (TN), false positives (FP) and false

negatives (FN) as

TPR =
TP

TP + FN
(3.3)

FPR =
FP

TN + FP
(3.4)

In recent years there has been an increase in the use of ROC graphs amongst the machine

learning community. This can be attributed to the realization that simple classification

accuracy is an insufficient metric for measuring the overall generalization ability of a

classifier [39]. The ROC curves are a powerful tool for visualizing the generalization

ability of a classifier. Particularly in this research, ROC graphs are especially useful since

they are applicable in domains with skewed class distributions and unequal classification

error costs [38]. A ROC curve has the ability to depict the relative trade-offs between the

benefits, represented by the TPR, and the costs, being the FPR, across a whole range of

classifiers’ predictive ability.

Multiclass Accuracy Analysis

The evaluation of the accuracy of multiclass algorithms required broader and more sophis-

ticated methods, due to the larger number of datasets and algorithms being compared,

as well as the characteristics of the datasets, which included balanced and skewed class-

distributions.

In the multiclass setting, the conventional practice has been to present only the accu-

racy as the primary measure of generalization [29, 153], defined as

Accuracy = Recall =

(

∑k
i=1 TPi

∑k
i=1(TPi + FNi)

)

(3.5)

where i denotes a class label and k denotes the number of classes in a dataset. This is

sometimes expressed as the total error rate as 1 − Accuracy. However, presenting only

the accuracy has been shown to be inadequate and often misleading on class-imbalanced

datasets [38, 62, 124]. The reason for this is that the minority classes can have a negligible

impact on overall accuracy compared to the majority classes.

A more meaningful measure of accuracy for biased class-distributions is to calculate

the geometric mean (g-mean) instead. Sun et al. [152] demonstrated how the g-mean of

recall values of each class can be applied to the multiclass scenario by being calculated as:

G–mean =

(

k
∏

i=1

Recalli

)

1
k

(3.6)

which yields a single value that presents a balanced performance of a classifier across all
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classes. For a more comprehensive analysis of a classifier at an individual class level, the

F-measure is employed. The F-measure uses the precision of each class, defined as

Precisioni =

(

TPi

TPi + FPi

)

(3.7)

which takes into account the false positives, and combines it with the recall of each class

to yield

Fi–measure =

(

2×Recalli × Precisioni

Recalli + Precisioni

)

. (3.8)

The F-measure generates values from 0 to 1 under which high values are generated if both

the precision and recall values are high.

Accordingly, in this research, the total error rates were used primarily on balanced

datasets, though they are presented here alongside the g-mean values. On unbalanced

datasets, the g-mean values were of primary reference, while the F-measure were resorted

to for in-depth analysis of selected datasets. For completeness, the total error rates are

also listed for unbalanced datasets as well.

Average ranks were used to summarize classifier accuracies as demonstrated by Demšar

[29]. The non-parametric Friedman [47, 48] and Nemenyi [108] statistical tests were used

to determine significant differences between the mean ranks amongst all classifiers. The

Wilcoxon signed-ranks test [182] was used for pairwise comparisons of classifiers.

The use of Cohens Kappa [24] statistic as the measure of the degree of agreement

or disagreement between the weak classifiers was considered. However, the potential

usefulness of this test and the reliability of its results in the context of cascaded classifiers

was doubtful due to the fact that for any given sample only a subset of weak classifiers is

evaluated at a time.
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Chapter 4

The PSL Algorithm and

Applications to Face Detection

Considerable advances have been achieved in the area of real-time detection as well as

overall improved classifier accuracies through the strategic usage of cascades in combi-

nation with boosted ensembles. However, according to Brubaker et al. [15], the greatest

obstacle to a wider proliferation of cascaded strategies as solutions on computationally

intensive domains with large feature spaces, lies in their protracted training runtimes.

This limitation is not only seen as an impediment to producing effective object detec-

tion applications, but also makes the testing of new theories and algorithms, as well as

the verification of others research a significant challenge [101]. The ground breaking face

detector from Viola-Jones required weeks of computing to produce a cascaded classifier

using multiple machines. Notwithstanding the continued advances in hardware since then

which has enabled faster processing speeds, as well as the advent of ubiquitous availability

of parallel processing through Graphics Processing Units (GPUs), the training runtime

overheads still remain a challenge.

Previous experiments [5, 156] with the PSL have only considered relatively small

datasets from the UCI repository with pre-processed feature values and limited total fea-

ture spaces. The PSL produced comparable results to those of Viola-Jones and single-layer

ensemble classifiers. However, the findings there could not be extrapolated to real-world

problems. The general aim in this chapter was to assess the viability of the PSL method

to address the problems of training runtimes and efficiency in more challenging settings.

4.1 Motivation

The specific aims of this chapter can be summarized as:

1. Explore the applicability of the PSL algorithm on a real-world problem with chal-

lenging datasets containing imbalanced class-distributions and high training and

detection runtime overheads.

2. Implement the conventional cascade algorithm by Viola-Jones and use as a bench-

mark for comparisons.

3. Study the degree to which training runtime overheads can be reduced.
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4. Observe the trade-offs that might occur with respect to accuracy.

5. Ascertain the effects that different tunable parameters have on training, detection

runtime and accuracy of the classifiers.

4.2 Related Work

The reasons behind protracted training runtimes of cascaded classifiers on difficult problem

domains are attributed to several factors. Pham and Cham [116] identify the repeated

extraction of large feature spaces as a primary contributor to slow training runtimes as

demonstrated in face detection using Haar-like feature types. In such domains, the total

size of the feature pool can easily comprise a search space of several billion features1 even

on conservatively sized datasets that utilize a modest number of Haar-like feature types.

For each boosting round, this feature pool has to be both extracted from an image and

searched through in order to find the feature with the lowest error rate. This process may

require thousands of iterations in order to produce enough weak classifiers to comprise

the final detector.

Various strategies for addressing the computational demands of a large feature pool

have been proposed. The most intuitive has been that of Baluja et al. [4], Wu et al. [187]

which employs feature filtering in order to limit its size. These strategies have produced

very notable speed-ups. Criticism has been labeled against feature filtering approaches

[116] on the grounds that the reductions in runtimes have been realized in part due to

their ignoring the weight distribution of the boosting process. Because to this, the features

selected by filtering methods have been described as being incompatible with the boosting

approach since the theoretical guarantees for it no longer hold.

Wu et al. [188] use feature filtering as well as a caching strategy for extracted feature

values in order to limit the computational cost involved in re-calculating them for each

round of boosting. Consequently, only the feature weights have to be adjusted. This

results in substantial reductions in runtimes; however, this approach imposes significant

memory requirements when large training sets are used even with reduced feature pools.

Pham and Cham [116] achieve the greatest reductions in the amount of time required

to train each weak classifier by applying statistical methods and assumptions regarding

the distribution of the feature space. They avoid the re-calculation of Haar feature values

at each boosting step by treating them as high-dimensional random vectors whose values

are modelled as Gaussian distributions. Due to this, they have found it possible to use

even larger feature sets that generate up to 300,000 features per image window. According

to the authors, the expanded feature sets have been a contributing factor to the train-

ing of very accurate detectors. Though their empirical work has produced effective face

detectors, theoretically it has not been established that Haar-like feature values follow a

Gaussian distribution.

Other research efforts have branched down the path of increasing the discriminatory

ability of the feature types with the end goal of not only improving accuracy but of also

1On each image, a conservative Haar-like feature set generates in the vicinity of 200,000 features per
sub-window. This is multiplied by the number of training samples in the dataset that may range from
5,000 to 20,000. Finally, this process is repeated as in the case of Viola-Jones in excess of 3,000 iterations
for each weak classifier. The final product therefore results in a feature pool numbering in billions.



4.2. Related Work 41

decreasing the training runtimes [89, 104, 183, 189]. However, although most of these

approaches yielded fewer weak classifiers, the additional computational costs associated

with more powerful features did not succeed in shortening the actual training runtimes.

Alternatively, a plethora of variations to the AdaBoost learning algorithm have been

proposed [46, 88, 175], but no one variant has contributed to significant training runtime

reductions.

The final contributing factor in protracted training runtimes involves cascade opti-

mization. The optimal configuration of adjustable parameters that define individual layer

detection and false acceptance rates are not known a priori. As a result, a strategy of ad

hoc parameter formulation is normally adopted whereby multiple classifiers with different

parameter settings are trained. Thereafter, the best candidate is chosen from amongst

them. This trial and error process not only fails to formulate an optimal solution, but

means that the overall training runtime involving numerous repetitions can be protracted

to unreasonable durations. The optimization process is further hampered by the require-

ment of many classifiers to execute in real-time environments. This draws in another

adjustable parameter that defines the number of weak classifiers per layer thus further

complicating the training process.

Luo [95] proposes a system which is capable of optimizing a cascaded classifier once

it has been trained in an arbitrary manner. It adjusts layer thresholds as part of post-

processing and produces notable accuracy and performance results. This goes some way

to simplifying the training procedures by placing the emphasis on only having to formulate

a parameter combination which meets the desired training error. However, the research

does not address how layer targets should be set for the initial training phase. These

values greatly influence the bootstrapping of the training data that in turn affects the

final accuracy. So in effect, this approach can only be seen as a strategy that determines

an optimal operating setting for a classifier that is intrinsically sub-optimal and whose

performance can only be marginally improved.

Brubaker et al. [15, 16] propose a more robust solution to the problem of cascade

design by devising an optimization function. In their research, the optimization function

adaptively chooses the target rates for the individual layers in a cascade based on the user

requirement for the final cascade detection rates as well as the false positive rates. These

targets are determined with the help of an independent evaluation dataset against which

each layer’s performance is tested. The end result was a face detector which performed

comparably with the best current detectors. However, it is difficult to know how much of

it can be attributed to the cascade optimization component since their training framework

was modified significantly in other key components as well. Nonetheless, a viable approach

to removing the empirical cascade parameter setting has been proposed.

Similarly, Sun et al. [151] developed a framework for analyzing the impact of learning

of a single layer in a cascade on the entire cascaded classifier through a novel cost function

which they claim yields an optimal learning goal for each cascade layer. Although, in their

system it is not clear how to set the parameters to optimize for execution runtime for a

desired detection rate. Chen and Yuille [23] on the other hand formulate an optimization

criterion with a greedy algorithm for designing time-efficient cascades. Their focus is

primarily on creating a cascaded classifier that produces an optimal speed performance

given a desired overall accuracy which achieves speed-ups by trading off false acceptance
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Figure 4.1: Structure illustrating parallel strong classifiers within the same layer (PSL).

rates against each layer’s execution runtimes. An altogether different approach to finding

a solution to cascade optimization is to remove the layers entirely during training and

use “soft cascades” instead. The “soft cascades” achieve an ease of training by making

the cascade training parameters as well as layer threshold adjustments redundant. The

training involves creating a single monolithic ensemble classifier to which an algorithm

is applied which builds into it a quasi cascade-like behaviour. Bourdev and Brandt [10]

successfully augmented such a monolithic ensemble classifier with rejection thresholds that

could be calibrated for a specific detection rate and execution runtime. Their architecture

effectively decoupled the speed/accuracy trade-off associated with cascade training. Once

the classifier was trained it was able to be rapidly adjusted for any point on the ROC

surface without iterative ad hoc re-training.

Of the more recent and notable contributions, Raykar et al. [129] devised a strategy

for optimizing cascade training. Their approach relaxes the hard cascaded structure that

involves sequential training of each layer and proposed a method for jointly training all

cascade layers. Once all the cascade layers are trained, their method is able to adjust the

trade-off between the accuracy and the runtime cost by choosing the layer thresholds as a

post-processing step. Along similar lines, Saberian and Vasconcelos [137] also adopted the

approach of simultaneously training all layers of a cascaded in pursuit of overall cascade

optimality. Their contribution was an introduction of a mathematical model that accounts

for both the classification accuracy and cascade complexity. A new boosting algorithm

FCBoost was proposed by them for cascade training by solving a Lagrangian optimization

problem, where classification risk is minimized under complexity constraints.
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4.3 The PSL Algorithm

The PSL was originally designed to address the difficulty involved with meeting 100% hit

rates for the positive samples for each cascade layer. This is directly related to the design

of AdaBoost which minimizes the total classification error rather than the false positive

or false negative rates [175]. Therefore, under the conventional cascaded approach, satis-

fying the layer targets becomes more difficult with each layer as the separability between

the classes decreases. This contributes to longer training runtimes and more complex

ensembles. The hit rate requirements can be relaxed for succeeding layers, however, this

inevitably results in weak classifier generalizability.

The PSL structure, shown in Figure 4.1, formulates a solution to these issues while

also achieving a significant reduction in the training and execution runtimes. The method

accomplishes this by transforming the internals of cascade-layer training to the same

degree that Viola-Jones cascades transformed the monolithic ensemble structure. The

PSL framework introduces horizontal cascading within each layer, which complements

the vertical cascading that is existent in the Viola-Jones method. While Viola-Jones

executes independent rounds of AdaBoost for each layer, the PSL structure provides a

methodology for executing multiple, independent AdaBoost rounds within distinct nodes,

situated in the same layer.

The workings of the Viola-Jones cascading framework was described in Section 2.3.1. It

was shown there how Viola-Jones cascading operates at each layer of a cascaded classifier

by executing continuous boosting rounds until the layer false alarm and hit rates have

been met, before a new layer is commenced. The PSL framework decomposes the layer

targets into smaller and more achievable intermediate steps. It does this by specifying a

criterion condition for each AdaBoost node that places a limit on the number of boosting

iterations each node can perform. Once the criterion condition is satisfied, the boosting

process halts and a new AdaBoost node is started with the weight distributions for all

samples reset.

The training of a PSL classifier and its strategy for handling datasets can be stated

more formally as follows. Given a training dataset D, consisting of instances (xi, yi) where

Y ∈ {−1, 1} is the domain for a binary class problem, P is a set of all positive samples

and N denotes the set of all negatives, the PSL constructs a cascaded classifier H, that

is comprised of Hi,...,L layers. Each layer Hi consists of n number of nodes that comprise

of weak classifiers hi,j,k, where i signifies the layer of the weak classifiers, j denotes the

jth node it belongs to and k represents its position in the node. Initial nodes for each

layer are trained on the entire dataset P ; however, subsequent nodes alter its composition.

Therefore, let Pi,j denote the positives used to train a given node j within a certain layer

i. Additionally let Ni denote the negative dataset used on layer i where Ni ⊂ N .

The training of H1 begins by generating the first weak classifier hi,j,1 using a decision

stump learner. The generation of weak classifiers is combined with the re-weighting scheme

of AdaBoost and it continues until k = Φ, where Φ is a predetermined maximum number of

weak classifier per node. Once this condition is met, AdaBoost stops and the composition

of the training set for the positive samples is then modified. PSL proceeds to create a new

dataset Pi,j+1 for the training of the next node j + 1, which comprises only of positive

instances where each instance (xm, ym) ∈ Pi,j is evaluated as hi,j(xm) = −1, or every
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positive sample that is classified as a false negative. Therefore, each set Pi,j is a subset of

P of a decreasing size for each j+1, that comprises of samples that are also of an increasing

degree of difficulty to differentiate from the negatives. This step removes the redundant

samples whose information has already been encoded within the classifiers, thus enabling

the learning to focus on more difficult patterns. The training continues until all positives

samples have been learned, where Pi,j = {} and at least 50% of the negative samples have

also been learned.

The positive set for Pi+1,j for the subsequent layer is restored to full size, so that

Pi+1,j = P , while the negative set Ni+1 is modified so that all samples (xm, ym) ∈ Ni,j

evaluated as hi,j(xm) = −1, are removed and randomly replaced with new samples from

N , where hi,j(xm) = 1. The training continues until the maximum number of layers are

created or until the entire negative dataset has been learned. The detailed procedure for

constructing PSL classifiers can be seen in Algorithm 13.

Algorithm 6: PSL Algorithm

Input : Positive training set P and negative set N consisting of examples
(x1, y1), ...(xM , yM ) where xm is a feature ∈ X and ym is a class ∈
{−1,+1}, M is the number of elements and with T as the number of
boosting rounds.

Output: PSL classifier HL comprising of L layers and weak classifiers hi,j,k,
where i signifies the layer of the weak classifiers, j denotes the jth

node of n it belongs to and k represents its position in the node.
Given : Pi,j denotes the positives used to train node j in layer i where

Pi,j ⊂ P . Ni denote the negative dataset used on layer i where Ni ⊂ N .
Φ denotes the maximum number of weak classifiers per node.

N1 = RandomSample(N)1

for i = 1 to L do2

Pi,1 = P3

for j = 1 to n do4

for k = 1 to Φ do5

hi,j,k = AdaBoost(Pi,j , Ni)6

Pi,j+1 = (xm, ym),∀x ∈ P where (hi(xm) = −1) ∧ (ym = 1)7

if Pi,j+1 = ∅ then8

break9

Ni+1 = ∀m, (xm, ym) ∈ Ni, where hi(xm) = −1, replace with (xm, ym) ∈ N,10

where hi(xm) = 1
if N = {∅} then11

break12

return HL(x) =

{

1 if ∀i Hi(x) = 1

−1 otherwise
, Hi(x) =

{

1 ∃j hi,j(x) = 1

−1 otherwise
, where

13

hi,j(x) = Sign

(

Φ
∑

k

αkhi,j,k(x)

)

At detection time, the PSL classifiers combine a variety of strategies in order to for-

mulate a prediction. Given an unknown instance x, the PSL classifier HL first uses the
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weighted majority vote, (Section 2.1.2), at each node hi,j(x) to predict a sample. If

hi,j(x) ≥ 0, then the instance is classified as a positive by node j, which is adopted as the

decision of the layer i. The evaluation of the instance x on layer i ceases and the instance

is forwarded to the layer i + 1 for further consideration. However, if the given instance

is classified as a negative, then it is forwarded to the next node j + 1 in the same layer

i until either a unanimous decision to classify the sample as a negative is reached or a

single positive vote by any other node is cast. The PSL classifier HL then predicts the

instance x as a positive only if the conjunction of all layers’ decisions Hi(x) = 1.

The combination of the different ensemble voting schemes reflects the training pro-

cedures and the relative expertise of each cluster of ensembles within each node. While

weighted majority voting is inherent to AdaBoost and reflects the relative degree of accu-

racy of a given weak classifier on a dataset which all the weak classifiers in that boosting

round have been exposed to, the competencies of the nodes on the other hand reflect their

limited expertise to only portions of data. Because a group of classifiers within each node

j is only exposed to a subset of the positive samples from P during training, only its posi-

tive predictions can be accepted as being reliable. This is because each node j is an expert

on a given partition of a positive dataset that is determined by the misclassifications by

the prior nodes. A negative prediction of node j can with high probability be a positive

sample from a different partition and therefore in order to classify a sample as a negative,

all nodes in a layer require a unanimous vote. The same principle works in reverse at the

cascade level between the votes of each layer where a unanimous decision is required to

classify a sample as a positive, since not all layers have been exposed to all the negative

samples in the training set.

The underlying principle behind the PSL approach is the separate-and-conquer strat-

egy found in covering algorithms that are used frequently for inducing rules. Its con-

tribution to ensemble learning, and more specifically to coarse-to-fine learning, is in its

ability to simplify the learning process in respect to the positive samples. It applies to

the positive samples the approach that is similar to the one used for handling negative

datasets when training cascades. The consequence of this is that conceptually the training

of classifiers at each layer is reduced in complexity, since the induction of class boundaries

becomes easier with the removal of redundant samples even though the remaining samples

are more difficult. The training time decreases since layer targets can therefore be satisfied

faster and the computational complexity decreases also since the algorithm is exposed to

fewer samples. The ad hoc layer threshold setting is also removed since the target positive

hit rates no longer present a challenge. At the classification stage, the runtimes can also

be expected to be faster since each layer is decomposed into a further cascade, which

guarantees that all classifiers within it will only be invoked on most difficult samples.

4.4 Experimental Setup

The PSL framework was tested against the Viola-Jones (VJ) approach. The VJ approach

has undergone numerous extensions and modifications in the last decade. Despite this,

the VJ method still remains the accepted yardstick and recent methods continue to com-

pare their results with it [129]. For this reason, VJ method was selected as the control

method and also since the PSL is its direct and logical extension. In addition, the VJ
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approach does not employ any feature pool manipulation methods, which means that the

machine learning algorithms can be fairly compared without an interference from unknown

variables.

The aim of the experiments was not to produce face detectors with industrial grade

accuracies, hence smaller training sets were used. One of the key goals of the experiments

was to observe the effects of varying PSL node sizes Φ on the generalization and runtimes.

Therefore, four classifiers with different Φ parameters were trained on each dataset. Table

4.1 lists all training parameters. The training data used for all classifiers was a subset of

the FERET face dataset.

Table 4.1: Training settings and dataset details.

Property Attribute

Positive and negative dataset sizes 500,1000, 1500,2000
Node sizes Φ (PSL only) 5,10, 15,20
Target training error 0%
Target layer hit rate 100%
Target layer false positive rate 50%
Maximum nodes per layer (PSL only) 10
Maximum layers 100

Classifiers were trained with balanced-sized negative and positive datasets. Negative

bootstrapping in the form of [155], discussed in Section 2.3.1, was used to replace correctly

predicted negative samples at the conclusion of each layer. The training continued until

a zero error was achieved or until no more negative training samples could be generated.

Consequently, though the explicit training involved balanced training sets, the actual

learning was highly skewed since the classifiers were exposed to negatives numbering in

millions. The largely disproportionate exposure of the classifier to negatives in respect to

positives is necessary [175] and consistent with the operating domain for the classifiers,

where rare-event detection is encountered. The classifiers were evaluated against the

popular CMU MIT image dataset, whose details as well as those of the feature types and

extraction methods can be found in Chapter 3.

4.5 Results

The results analysis is divided into three parts; namely the training phase, accuracy and

the detection runtimes2.

Training Phase

A zero training error rate was attained by all classifiers. The training runtimes are shown

in Figure 4.2. The figure shows that the PSL algorithm consistently produces classifiers at

reduced total runtimes. The acceleration in the training of PSL classifiers increases over

2Parts of this research have been published in [157].
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those of the VJ as the datasets increase in size. The PSL classifiers with smaller nodes

also consistently produce shorter training runtimes across all datasets.
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Figure 4.2: Training runtimes in seconds for all classifiers on the four CMU MIT datasets.

The primary reason for the reduction in training runtimes by PSL can be seen in Figure

4.3. The figure shows an example of the speed at which the number of positive samples are

removed from the training after each subsequent node. The figures are selected from the

final layer of each classifier which generally is the most complex for finding a separating

boundary between classes [175].

While conventional methods like VJ explicitly train on all positives through an entire

layer of a cascade, the PSL algorithm removes samples it has already learned at an ex-

ponential rate, in order to explicitly focus the learning process on more difficult samples.

The cumulative reduction in the computational demand over all the layers in a cascade

results in considerable training runtime reductions. Meanwhile, the need to employ artifi-

cial layer thresholds is removed, since the PSL structure rapidly converges to the required

hit rate due to the stepwise simplification in the complexity of the class boundaries.

The following sequence of graphs in Figure 4.4 reveal the effects that the composi-

tion process of layers into nodes, has on the false positive rates. The graphs show the

convergence of false positive rates of a typical PSL classifier on the last eight layers of a

cascade.

Though most of the layers comprise only of two nodes, it suffices to demonstrate that

the false positive rate which is achieved by the previous nodes, cannot be improved upon

by successive nodes. The final false positive rate for a layer can, at best, equal the false

positive rate of the initial node. However, in practice, this rate is considerably exceeded

by the final nodes in each layer. The point is to illustrate that as the number of nodes per

layer increases, in turn so does the false positive rate and the likelihood that layer targets

may not be met. If layer targets are not met, then the rate at which negative samples are
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learned decreases, since fewer unseen negatives are introduced at each succeeding layer

and thereby the training runtime increases.

This is directly impacted by the Φ training variable that represents the maximum size

of the nodes. Given a large enough Φ, lower false positives per node become achievable.

Additionally, the margin between the class boundaries increases which indicates a stronger

generalization ability of the classifiers. However, if Φ is too large, then the runtime

performance of PSL will resemble that of VJ cascades. Complementary figures to the

convergence graphs here can be found in Appendix A.2.

The total number of weak classifiers making up the final classifiers are listed in Figure

4.5. The PSL classifiers consistently generate simpler solutions to the problems, while the

VJ classifiers are larger by at least a factor of two. The variation in the size of Φ does not

indicate that there is a correlation with the size of the ensemble in these experiments.

Accuracy

The ROC curves in Figure 4.6 show classifiers for each of the training structures on the

four different datasets. The more relevant intervals of the ROC curves are depicted. The

strongest generalization across all datasets can be observed by the VJ classifiers. The

accuracy of VJ on portions of the ROC curve depicting smaller false positive rates were

several percentage points higher than those of the PSL classifiers.

A consistent feature amongst the PSL classifiers on this test dataset is that the classi-

fiers trained with the smaller Φ values produced the weakest generalization rates. As node

sizes increase, there is evidence that the generalization strengths of the classifiers also in-

creases. This can be explained in terms of the margin theory [143]. The larger nodes are

able to further increase the distances of each class from the separating boundaries during

training. In turn, the accuracy of each node and consequently the accuracies of each layer,
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Figure 4.4: Graphs showing typical PSL convergence patterns for the false positive rates
for a classifier Φ = 10.
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Figure 4.5: Weak classifiers totals per strong classifiers for each framework on the four
CMU MIT datasets.

is expected to increase.

In saying that, the expectation that the classifiers with the largest nodes Φ = 20

produce best generalization has not been met. Though there is a tendency for an improved

generalization as the node sizes increase, there is no guarantee that the largest nodes

invariably produce classifiers with the best overall accuracies. The subsequent chapter

will examine the reasons for this in more depth.

Though the results indicate that the VJ method has produced stronger generalizations

on this problem set than the PSL, this has been achieved at a considerable cost in the

training runtimes. This trade-off can be seen Figure 4.7 which shows the classifier accu-

racies as the function of the cost of training the classifiers over the three datasets. The

figures indicate that the PSL algorithm operates at a significantly lower training runtime

cost from producing equivalent test error values. The divergence between the costs of the

VJ and PSL structures increases as the size of the training sets becomes larger. Addition-

ally, the lowest costs are recorded by PSL classifiers with the smallest values of Φ. The

cost consistently increased as the value Φ also increased.

Detection Runtimes

The total number of weak classifiers making up a final strong classifier is to a large

degree indicative of its detection runtime capabilities. However, the manner in which the

classifiers are structured is even more crucial. Larger ensemble classifiers can be structured

in such a way that enables them to execute faster than simpler ensemble classifiers if the

initial layers of the cascade are comprised of fewer weak classifiers. This assertion holds

provided that the initial layers have the capacity to reject large numbers of trivial negative

samples. For this to happen, some explicit optimization for given detection runtimes
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Figure 4.6: ROC graph curves on the CMU MIT datasets showing the generalization
patterns of all classifiers.

need to be specified3. The classifiers here were not optimized, but were left unaltered in

order to eliminate the optimization process as a potential variable that can affect their

generalizability.

Consequently, the runtimes of the non-optimized and naive classifiers were compared.

Figure 4.8 displays these runtimes as total seconds required to perform all detections on

the entire test set. The VJ performances were frequently the slowest. The speed of the

PSL classifiers decreased as the node complexity increased. PSL classifiers with the largest

values of Φ resembled the performance runtimes of VJ due to the fact that the initial layers

of the cascade were forced to become larger.

The performance advantages of the PSL classifiers with the smallest nodes illustrate

the point that the smallest overall ensembles are not necessarily the fastest. In reference

to the Figure 4.5, PSL classifiers with Φ ∈ {5, 10} generated ensembles that were of equal

size to the remaining PSL classifiers, while occasionally even being larger. However, due to

their ability to create more compact layers especially in the initial stages, their detection

runtimes were considerably faster than those of the larger nodes. This demonstrates

an advantageous characteristic of the PSL algorithm in regards to its ability to tune

the classifiers for a specific runtime requirement. This can be trivially achieved by pre-

defining the initial nodes of a cascade to be of a smaller size, while the nodes in the

3Viola and Jones [175] discuss the importance of the first few layers of a cascade to the detection
runtimes and also of the importance of being able to control this parameter.
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Figure 4.7: Total error rate on the CMU MIT test set, as a function of the training
runtime.

latter layers can be increased to much larger sizes. Appendix B shows the results of

experiments conducted on PSL-like classifiers with variable node sizes for different layers

for the purpose of tuning for optimal performance runtimes. The results indicated that

it is trivial to adjust a PSL-like classifier for a required runtime without significantly

compromising their generalizability.

4.6 Discussion

The experiments have demonstrated that the PSL approach to training classifiers using a

strategy that decomposes cascade layers into clusters of weak classifiers, ultimately leads to

a substantial reduction in training runtimes. This was highlighted by the chosen problem

domain of face detection with Haar-like features, where large feature spaces are generated

and high overheads are involved in re-computing the features. By rapidly reducing the

number of training samples that the algorithm explicitly sees and by requiring fewer weak

classifiers to be generated, the PSL has shown its applicability in domains where large

and expensive feature pools are employed.

However, at least on this problem domain, it has also been shown that the increased

training efficiency comes at a notable trade-off cost in the final generalization strength of

the classifiers. This can be understood through the theory of margins which states that

the expected strength of a classifier’s generalizability is contingent by the degree to which
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Figure 4.8: Execution runtimes for PSL and Viola-Jones classifiers on the CMU MIT test
datasets.

the classifier’s predictive confidence is developed at training. Since in the PSL scenario

each node is restricted by a predefined and comparatively limited number of boosting

rounds, the consequence is that the confidence margin cannot be extended to the same

degree that it can be in the conventional cascaded approaches. Though any given layer

within a PSL classifier might have the same number of weak classifiers as that of the VJ

classifier, the VJ classifiers continually boost from the beginning of a layer to the end.

They are therefore able to achieve a greater margin from the class separation boundary.

In order to counter this problem, the size of Φ can simply be increased. However,

this is not likely to produce a satisfactory solution for two reasons. Firstly, the larger

the Φ becomes, the more the PSL training will resemble that of the conventional cascade

algorithm runtimes; albeit, without the threshold adjustment which will then make the

convergence to layer training targets even more difficult. The likelihood of then generating

even larger ensembles becomes a real possibility. Secondly, due to the fact that higher

hit rates will become realizable with larger nodes, the outcome will be that only small

numbers of positive samples will be available for training the final nodes. The strongly

skewed training data will in that case not be conducive to attaining accurate classifiers.

Alternatively, the boosting strategy within each layer can be modified in such a way

that it becomes continuous despite there being multiple nodes. The modification can allow

the boosting to resume with each sample preserving its weights from where it left off each

time a new node is created. The remaining positive sample weights can be normalized

in order to account for the positive samples that are removed and the boosting process

can continue extending the confidence margin of the remaining unlearned samples. The

obvious outcome of this approach would be to undermine the independence of the nodes

from one another which is an advantageous characteristic of the PSL. Alternative strategies
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can be devised that preserve this. By modifying the current node termination strategy

from being one that is training-error based with fixed node sizes, to one that is centred

on training nodes until a given percentage of samples have attained a required confidence

margin, then the accuracy of each node can theoretically be improved. The termination of

each node would subsequently require that only samples that have attained a confidence

margin above a certain threshold are removed from training. This would leave the positive

samples that are correctly classified, but too close to the decision boundary, to undergo

more training. Naturally, the training runtime of each layer can thus be expected to be

slower than that of the current PSL since fewer positive samples would be removed after

each node. However, given the sound principles of the margin theory, this strategy can be

expected to bring significant generalization improvements.

The other contributing factor to the decreased generalizability of the PSL is due to

its rapid reduction of the positive samples in each node which creates imbalanced learn-

ing problems. The perennial problem that divide-and-conquer and separate-and-conquer

strategies face, is the danger of overfitting when recursively inducing rules on datasets of

diminishing size [184]. Though imbalanced training, in and of itself, does not guarantee

that a compromise in the generalizability will occur, it has however been shown that under

certain conditions this can be be expected [62].

It is a well established fact that overfitting is likely to occur when training takes place

in setting where the dimensionality of the data feature space overwhelmingly overshadows

the number of training data [34, 169]. This is then exacerbated as the number of training

samples are reduced to the point where small datasets are used for training, since irrelevant

features can unexpectedly appear to be meaningful [92, 184]. This is precisely what occurs

with PSL when it is deployed on the problem of face detection using Haar-like features.

On each round of boosting, up to 200,000 Haar-like features are generated representing

an over-complete feature set. As the PSL algorithm reduces the number of remaining

positive samples per new node, it is highly likely that features are selected that overfit

the decision boundaries on the reduced positive sets. As such, the PSL can be described

as being susceptible to compromises in the generalizability of classifiers when used on

problem domains with large feature pools.

4.7 Summary

In this chapter, the PSL framework was applied to the domain of face detection. The

goals were to explore the ability of the PSL algorithm to reduce training runtimes over

the conventional approaches like Viola-Jones; while, preserving the real-time capabilities of

the resulting classifier and observing the trade-offs in the generalizability of the classifiers.

The experiments also sought to gain a deeper understanding into the effects of the varying

the Φ value for node complexity, on the training, detection and accuracy of the classifiers.

The research has found that:

1. The PSL structure considerably reduced the training runtimes over the Viola-Jones

style frameworks.

2. As the datasets increased in size, the degree of divergence in training runtimes also

increased.
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3. The faster training runtimes were achieved by a decreased generalizability on this

problem domain.

4. The PSL rapidly learns and removes positives as it generates new nodes. However,

as more nodes are generated the harder it becomes to meet the false positive layer

targets.

5. Simpler classifiers are produced by the PSL algorithm.

6. Faster detection runtimes were registered by PSL classifiers with smaller values of

Φ.
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Chapter 5

Advanced Bootstrapping

Technique for Cascaded Classifiers

Initial experiments with the PSL method on real-world problems from the previous chapter

revealed its potential for further development. Training runtimes have been reduced and

the training process has become more tractable. Some compromise in the generalizability

of the PSL classifiers, however, has been the trade-off.

With the advent of streaming data, the volume of training datasets for a number of

problem domains has been steadily increasing. This often means that the size of the

datasets has been increasing substantially for both the negative and positive samples.

While the cascaded approaches have been shown to be effective at handling datasets that

comprise of hundreds of millions to billions of negative samples, they have been able to

accomplish this due to the presence of large skews in the positive datasets which necessarily

comprised of a small fraction of the negative datasets [191].

The cascaded approaches are able to handle massive numbers of negative samples

through the supervised under-sampling methods of Sung and Poggio [155] and Viola and

Jones [175], which prevent the algorithm from having to explicitly learn the patterns

of every sample. Massive positive datasets are therefore computationally unfeasible for

conventional cascaded approaches since, to date, there are still limited capabilities within

cascaded frameworks that enable bootstrapping on positive samples. The research in this

chapter sought to explore ways of enabling positive sample bootstrapping to cascaded

ensembles.

5.1 Motivation

This chapter considers the challenges found in domains where large positive datasets are

necessary for training alongside massive negative sets. The proposal is to leverage the

modular nature of the PSL structure in order to implement bootstrapping for positive

as well negative samples and to explore the effect that much larger datasets have on the

generalization ability of the PSL classifiers. Therefore, the questions that this chapter will

attempt to answer are the following:

1. Can PSL be extended to include positive sample bootstrapping which is efficient

without compromising accuracy?
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2. Does the generalization of the PSL classifiers improve with larger datasets in com-

parison to the Viola-Jones approach?

3. Generally, what are the causes of lower accuracies within the PSL method when

compared to the Viola-Jones classifiers?

5.2 Related Work

The research here continued using the face detection problem as the medium for exploring

these questions. While the predominant body of research in the last decade has been

devoted to improving various components of the CoBE architecture, only in recent years

has research begun to surface with methods enabling cascaded frameworks and more

specifically face detector training on large positive datasets [191]. Xiao et al. [190] were

first to propose a bootstrapping approach. Their method consisted of training directly

only a small subset of a massive positive dataset, while the distribution of the subset was

iteratively compared to that of the entire positive dataset and updated correspondingly.

Their face detector was implemented for distributed learning on a number of machines

and displayed an impressive capability for handling large positive datasets.

Yan et al. [191] proposed a simpler approach for non-distributed processing in which

training on a subset of an entire positive dataset was also applied. Their method employed

iterative training of each cascade layer using only a positive subset. During the layer con-

struction of their approach, the intermediate sub-classifier undergoes periodic validation

against the entire positive dataset. When the detection rate falls below a designated tar-

get, a portion of misclassified positive samples from the massive positive set are added to

the training subset. The learning resumes and continues until the targets are met.

5.3 PSL with Positive Sample Bootstrapping

The bootstrapped PSL (BPSL) is an intuitive extension of the original PSL algorithm.

By continuing use of the same notation from Chapter 4.3, the BPSL departs from PSL

with the introduction of a positive training set Pi,j (termed the base set), which is a

subset of the whole positive set P (termed the reserve set), and is of a fixed size β. For

each initial node hi,1 of each layer i, the positive subset Pi,1 is randomly sampled from

P without replacement. Subsequently, following the completion of training a node hi,j,

the contents of Pi,j is validated against the node so that all correctly learned samples as

in hi,j(xm) = 1,∀m, (xm, ym) ∈ Pi,j are removed, which results in a new dataset Pi,j+1.

The classifier hi,j is then applied to the remaining samples in the entire positive dataset

P and the correctly classified samples are likewise removed from further training of the

layer i. The next step augments Pi,j+1 with additional samples from P so that the size of

the subset is β. The training for the layer continues until Pi,j+1 = ∅. The training for a

new layer hi+1 begins by resetting all samples in P in order to make them available. In

every other respect, BPSL proceeds identically as PSL. The complete procedure for the

BPSL cascade training can be seen in Algorithm 7, while the Figure 5.1 demonstrates this

graphically.

While the conventional bootstrapping procedure used for negative samples applies the

bootstrapping after each layer i is trained, the BPSL applies continuous positive samples
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Algorithm 7: BPSL

Input : Positive training set P and negative set N consisting of examples
(x1, y1), ...(xM , yM ) where xm is a feature ∈ X and ym is a class ∈
{−1,+1}, M is the number of elements and with T as the number of
boosting rounds.

Output: PSL classifier HL comprising of L layers and weak classifiers hi,j,k,
where i signifies the layer of the weak classifiers, j denotes the jth

node of n it belongs to and k represents its position in the node.
Given : Pi,j denotes the positive dataset of size β, used to train node j in

layer i where Pi,j ⊂ P . Ni denote the negative dataset used on layer i
where Ni ⊂ N . Φ denotes the maximum number of weak classifiers per
node.

N1 = RandomSample(N)1

for i = 1 to L do2

Pi,1 = RandomSample(P, β)3

for j = 1 to n do4

for k = 1 to Φ do5

hi,j,k = AdaBoost(Pi,j , Ni)6

Pi,j+1 = (xm, ym),∀x ∈ Pi,j , where hi,j(xm) = −1 ∧ ym = 17

sP = SizeOf(Pi,j+1)8

for k = 1 to β − sP do9

Pi,j+1 = RandomSample(P, 1), where (hi(xm) = −1) ∧ (ym = 1)10

if Pi,j+1 = ∅ then11

break12

Ni+1 = ∀m, (xm, ym) ∈ Ni, where hi(xm) = −1, replace with (xm, ym) ∈ N,13

where hi(xm) = 1
if Ni+1 = ∅ then14

exit15

return HL(x) =

{

1 if ∀i Hi(x) = 1

−1 otherwise
, Hi(x) =

{

1 ∃j hi,j(x) = 1

−1 otherwise
, where

16

hi,j(x) = Sign

(

Φ
∑

k

αkhi,j,k(x)

)
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Figure 5.1: The propagation of the positive samples in the BPSL bootstrapping method.

boostrapping within each layer i from node j to j + 1. The approach guarantees that

though the learning algorithm sees all positive samples when each classifier hi,j is applied

to P, crucially it will not explicitly learn every sample in the reserve set P. The rate at

which the number of positive samples which have to be learned decreases within a layer,

is contingent on the discriminative power and relevance of hi,j in respect to P.

The BPSL differs from the bootstrapping approach of Xiao et al. [190] in that there is a

sequential dependence between the types of samples that classifiers within each subsequent

node are trained on. In the case of BPSL, clusters of more difficult patterns are learned

at every additional node. Yan et al. [191] on the other hand continuously augment the

same subset of the positive samples with the new ones that the previous classifiers have

misclassified. Depending on the complexity of the dataset and the strength of the weak

learner, the positive dataset may continue to expand to the point that the induction

process slows down rapidly.

5.3.1 Experimental Setup

An additional 13000 facial images were collected and combined with the samples from

the previous experiments to give a total of 15000 positive samples for comparing PSL,

BPSL and Viola-Jones (VJ) methods. The details of the datasets are explained in Section

3.1. The additional images contained some degree of articulation and rotation as well

as considerable illumination variations that sometimes resulted in feature occlusion. An

example of these images can be seen in Figure 5.2. The negative dataset consisted of the

identical 2500 background images from the experiments in the previous chapter.
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Three positive datasets of different sizes were compiled from the pool of 15000 images.

They consisted of 5000, 10000 and 15000 samples. On each dataset, one VJ classifier and

four PSL and BPSL classifiers with different parameters for the node size Φ were trained.

These parameters are consistent with the experiments in the previous chapter.

The BPSL classifiers with values for the base set size β were 500 and 2000. These

were deemed to be appropriate parameter values given the empirical results of the previous

chapter in which datasets ranging from 500 to 2000 samples produced reasonable accuracy

results that did not significantly vary from one another.

Figure 5.2: Example of the positive dataset instances.

The size of the negative datasets used on all BPSL classifiers for each node was fixed

at 2000 samples. This meant that uneven training took place for BPSL positive base

sets when β = 500. However, the use of unevenly-sized positive and negative datasets

with a ratio of 1:4 is substantiated by Viola and Jones [174]. Their research similarly

employed this approach to achieve higher rejection rates of negatives samples more rapidly

at runtime. Bourdev and Brandt [10] also reported that it was possible to achieve accurate

classifiers using uneven set sizes; however, they also found that the training is improved

if the relative weight distribution between positive and negative samples is maintained.

This recommendation was followed in these experiments. The remaining parameters are

summarized in Table 5.1.

Table 5.1: Training settings and dataset details.

Property Attribute

Positive datasets size 5000,10000,15000
Negative dataset size 2000
Base-set size β 500,2000
Node sizes φ 5,10,15,20

Given that there is a degree of randomness in the BPSL algorithm as to which positive

samples are selected for training of each node from a pool of all positive samples, natu-

rally some variation in the accuracy of the classifiers can be expected. However, given the

large number of classifiers that required training, the protracted training runtimes and

the limited hardware resources; it was not feasible to train each classifier multiple times

in order to extract the desirable statistical data covering means and standard deviations.

Instead, only a selection of classifiers were trained multiple times and the statistical data

extracted from them served as indicators for the expected variations that could be antic-

ipated from the same classifiers using similar tunable parameters. These classifiers were
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trained 10 times which enabled the analysis of the mean and the standard deviations to

be conducted on the ROC curves in particular.

5.3.2 Results

The results analysis is divided into three parts; namely the training phase, accuracy and

the detection runtimes1.

Training Phase

The training runtimes for all classifiers can be seen graphically in Figure 5.3. The results

confirm the findings from the previous chapter, which found that the PSL method trains

classifiers significantly faster than the VJ approach. The figures also indicate that the

bootstrapping procedure of BPSL for both β = 500 and β = 2000 has considerably

reduced the training runtimes over the original PSL.
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Figure 5.3: Training runtimes for PSL, BPSL and VJ classifiers

For clarity the training runtimes are summarized in Table 5.2 from the perspective of

the speed-up factors attained between the various algorithms. The results indicate that as

the training sets become larger, the speed-up factor of PSL and BPSL algorithms over VJ

also became more acute. Likewise, the same pattern was observed when comparing the

BPSL and PSL algorithms. The BPSL classifiers trained with base set β = 500 attained

the fastest training runtimes. Overall, the results show that the BPSL algorithm is the

most resistant to increases in the size of positive datasets.

1Parts of this research have been published in [158].
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Table 5.2: Comparison between the training runtimes of VJ, PSL, BPSL in the form of
speed-up factors. For PSL and BPSL, the results are averages across all values of φ.

PSL BPSL BPSL BPSL BPSL
vs. (β = 500) (β = 2000) (β = 500) (β = 2000)

Dataset VJ vs. VJ vs. VJ vs. PSL vs. PSL

5000 2.3 4.3 3.7 1.8 1.5
10000 3.3 8.4 6.7 2.6 1.9
15000 3.6 11.5 9.4 6.3 4.8

The rapid training runtimes of the BPSL classifiers can solely be attributed to the

bootstrapping component which implicitly learns all relevant patterns of the positive class

without explicitly needing to learn each individual instance. Figure 5.4 shows the example

of the speed at which the size of the reserve set P is reduced following the training of each

new node. The data is taken from the final layer of training which is ordinarily the most

difficult for meeting the target positive rates. The data from three classifiers is shown

with one classifier from each of the three datasets.

The figure indicates that following the training of the initial node, the number of

remaining positive samples in the reserve set reduces exponentially. From the third node

onwards, there is little to differentiate the classifiers in respect to the number of remaining

unlearned positive samples in the reserve set. This indicates the ability of the BPSL

approach to encapsulate relevant information about a dataset using only relatively small

subsets, thereby removing the redundancy of having to explicitly train on every instance

of an entire positive dataset.
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Classifier Accuracy

Figure 5.5 plots the ROC curve for a single BPSL classifier that was trained 10 times in

order to generate statistical information on how much variation can be expected from the

BPSL classifiers discussed in the subsequent graphs. The classifier was trained on a 5000

sample dataset with the tunable parameters set as Φ = 15 and β = 500 and is plotted

at the same scale that the succeeding ROC curves are displayed in. The variation in the

standard deviation of the hit rates increases for very low false positive rates, while the

reverse is true of the false positive rates themselves. At the most critical and interesting

points in the ROC curves that is found closest to the top left hand corner, the variation

in the expected positive and false positive rates can be expected to be the smallest.
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Figure 5.5: The mean ROC curve with the standard deviations of both the hit and false
positive rates of a BPSL classifier (Φ = 15 and β = 500) trained on a 5000 sample dataset
generated from ten training repetitions.

For brevity, the ROC curves for classifiers trained on 10000 and 15000 size datasets

are featured in Figure 5.62. The ROC curves highlight the more critical regions of trade-

offs between the hit and false detection rates and for clarity, each graph depicts curves

from classifiers with a different value of Φ. From these figures it is apparent that the VJ

classifiers have generalized substantially better than the PSL and BPSL classifiers with

different permutations of parameters on this test dataset.

Between the PSL and BPSL classifiers, the comparison of accuracies varied over the

range of training parameters and datasets sizes. For the parameter Φ = 5, there was a

similar accuracy across all classifiers. Likewise, where Φ was set to 10, the accuracies

were comparable, though BPSL β = 500 dropped off somewhat on the largest dataset.

For Φ = 15, the BPSL β = 2000, performed slightly better on average, while the PSL

displayed poor accuracy on the 10000 dataset. The PSL arguably generalized slightly

better than the BPSL classifiers for Φ = 20.
2The remaining ROC curves from the 5000 sample dataset are located in Appendix B.1.
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Figure 5.6: Classifier ROC graph curves on the CMU MIT dataset.
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Though the PSL-like classifiers have not generalized as well as the VJ classifiers on

this dataset, the degree of the trade-off that was involved in the lower training costs of the

former algorithms can be seen graphically in Figure 5.7. The superior accuracy of the VJ

classifiers, which ranged between 5-10 percentage points on the critical points of the ROC

curves, can be contextualized by their training runtime costs that overshadow those of

the PSL and BPSL classifiers. The training costs associated with the BPSL classifiers are

noticeably lower than those of the PSL, and visibly decrease as the training sets increase in

size. Given that there was a lack of evidence to suggest that the bootstrapping component

resulted in a deterioration of accuracy for the BPSL classifiers, it can be said that the

bootstrapping mechanism is effective at reducing training runtimes without compromising

the generalizability of PSL-like classifiers.
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Figure 5.7: The cost/benefit trade-off between the overall test error rates and the training
runtimes of Viola-Jones and PSL-like algorithms on the CMU MIT dataset.

The PSL-like algorithms provide a mechanism for trading-off a degree of accuracy for

the benefit of faster training times and the ability to handle very large positive datasets.

The degree to which the accuracy of these methods has deteriorated in these experiments

is applicable to this domain only, and is likely to vary from one domain to the next.

Though the introduction of this amount of error may make these algorithms impractical
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for the required precision in face detection given this test data, for other domains, the

increased error might be of an acceptable level given the trade-off in respect to the reduced

training runtimes.

In order to better understand the root causes of the lower accuracy of the PSL-like

methods, additional analysis was performed. The investigation centered around analyzing

the PSL-like classifiers down to the node level of each layer. The goal was to scrutinize

the quality of the weak classifiers that cluster together and define each node by examining

what training instances they tended to be exposed to and what types of instances they

successfully learned.

The diminishing size of the positive datasets used on nodes that are positioned towards

the latter stages within each layer was first identified as a possible contributing factor of

accuracy deterioration. The decreasing size of the positive subsets meant that the degree

of skewness between the positives and the negatives increased as additional nodes were

created. Previously shown Figures 5.4 and 4.3, demonstrated the speed at which the

number of available positive samples were removed from the layer training. In these figures

it was observable that the number of available positives in the trailing nodes tended to be

very few in relation to the negatives.

The rapid reduction of the positive training samples was presented as the mechanism

through which PSL efficiently achieved layer targets, simplified class decision boundaries

and accelerated training. While research [7] showed that imbalances of this sort do not

automatically result in a deterioration in accuracy, the class-imbalances have been shown

to do so in the presence of in-class variations of the target concept or in the presence of

noisy samples. As previously pointed out, it is also generally accepted that generating

classifiers on datasets of decreasing size with large feature pools, does elevate the likelihood

of irrelevant features being selected.
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Figure 5.8: BPSL classifier Φ = 10 from a 15000 sample dataset. Proportional false
positive rates per node for each layer and a node’s hit rate contribution for each layer.

The next step involved analyzing the accuracies between the nodes situated within

the same layers. The hit and false positive rates of each node were isolated and plotted

as shown in Figure 5.8. The figure shows a typical example of this analysis on a selected

classifier. The false positive rates for each node represent the proportion of misclassifica-
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tions a node makes in respect to the total samples it has been exposed to. The hit rate

represents the contribution that each node makes to the overall layer hit rates.

While it was expected that the initial nodes display high false positive rates since they

are exposed to more samples, this was also expected to be balanced out by high hit rates

as confirmed by the figure. The significant piece of information came from the ratio of

hit rates to false positive rates for nodes which are positioned towards the trailing section

of the layers. It showed that the contribution that these nodes make toward positive

detections is low compared to their relative false positive rates. The evidence pointed to

a deterioration in accuracy being introduced by the trailing nodes within each layer.

In the final step, both the character of the base sets and the types of instances that each

node tends to learn were analyzed. This yielded informative patterns which can be seen

in Figure 5.9. The figure shows four image clusters a) to d) consisting of positive samples.

The clusters represent the types of positive images that nodes at different positions within

a layer tended to learn. Clusters a) and c) represent the types of images that the first

nodes within a layer tended to learn. These were taken from a selected classifier from

two different layers in a cascade. Clusters b) and d) represent the types of images that

comprised the positive datasets for the last nodes within a layer and the images they

eventually learned.

Figure 5.9: Examples of positive images learned at different points within the layers on a
15000 sample BPSL Φ = 10 classifier. Cluster a) node 1 layer 30 b) last node layer 30 c)
node 1 layer 42 d) last node layer 42.

The positive images learned by initial nodes in clusters a) and c) from the figure,

clearly embody the primary patterns of the positive class. The remaining clusters on the

other hand visibly represent non-standard representations of faces. Clusters b) and d)

depict unrepresentative patterns through the presence of varying degrees of articulation

and rotations. These images can be said to describe the sub-concepts of the positive class,

while a number of them can also be classed as noisy samples due to strong illumination

variances that obscure key features.

Therefore, the insights gained from more detailed analysis is that the PSL-like training

approaches employ a type of informed clustering within each layer that is guided by

information learned in previous nodes. Since the node sizes are kept to relatively small

sizes, only the most representative patterns are learned initially. The effect of this is that

in subsequent nodes, these types of patterns are filtered out as being redundant. This

isolates class sub-concepts as well as outliers. The clustering mechanism therefore delays

training the most unrepresentative positive samples until the final nodes in a layer. The

issue then is that the sub-concepts and the outliers become dominant in the training
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sets and consequently their patterns are overemphasized in the learning. If the test data

does not contain large numbers of samples which contain sub-concept patterns, then the

generalization is likely to deteriorate as witnessed by results here. Also, if the training

dataset possesses a significant amount of noisy data, then the learning process risks placing

undue learning emphasis on them.

Ultimately, the results demonstrate that the generalization ability of PSL-like clas-

sifiers is only as strong as the combined generalization strength of all its weakest nodes

located in the latter sections within the layers. Consequently, modifications to the PSL-

like approaches were required in order to mitigate the algorithm’s susceptibility to the

disproportionate influence that sub-concepts and outliers have on the learning process in

these nodes.

In summary, the findings show that:

1. PSL-like learning results in class-imbalanced learning.

2. Sub-concept patterns and noisy samples are isolated and concentrated in the final

nodes of each layer.

3. PSL-like algorithms tend to overemphasize unrepresentative patterns in the presence

of significant in-class variability and noisy samples by selecting poor features.

5.4 Methods for Improving the Accuracy

The problem of learning on imbalanced datasets and its associated challenges have been

topics of extensive research in recent years. A brief review is offered here due to its

relevance. Typically, random sampling methods that create balanced distributions without

generating synthetic samples have been used. Of these, random over-sampling proceeds by

replicating selected samples of a target class, while under-sampling removes data belonging

to larger classes in order to restore balance. Both strategies introduce their own sets of

problems. Over-sampling may lead to over-fitting, while under-sampling may lead to a

loss of information regarding the majority class [62].

Some more complex and successful strategies include the synthetic minority over-

sampling technique (SMOTE) [11], which artificially generates additional samples of a

minority class. Adaptive synthetic sampling methods like Borderline-SMOTE [60] and

ADA-SYN [63] address the shortcomings of SMOTE, which tends to overgeneralize in its

generation of new samples leading to an overlapping between classes. Meanwhile, cluster-

based sampling methods have been found to be powerful due to the flexibility they provide

in their ability to target specific problems.

Boosting has also been applied directly to the problem of imbalanced learning. Ad-

aBoost.M2 has been combined with synthetic sampling methods like SMOTE to yield

SMOTEBoost [20], while Guo and Viktor [57] showed how to combine AdaBoost.M1 with

a data generation approach that was termed DataBoost-IM. In addition, cost-sensitive

learning has also been combined with boosting which enables it to focus learning on mi-

nority classes through predefined cost-matrices.

While the various data generation approaches have been shown to be effective, they

are also complex and computationally expensive. What is more, determining the costs
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of different classes in cost-sensitive learning is especially challenging [62]. As such, these

approaches were not considered as suitable solutions to the problems of PSL. They are also

not applicable since the nature of the in-class variability of the datasets changes from one

node to the next, whereby the more representative samples are systematically removed

and the minority class sub-concepts are thus isolated eventually becoming the majority.

The challenge facing the current version of PSL-like algorithms is that though their goal

is to learn the minority sub-concepts, a strategy is required that promotes this in a way

that does not give an inordinate amount of emphasis to patterns from these samples.

The task is also complicated by the nature of the problem domain and the types

of features being used. Haar-like features tend to produce up to 200,000 features per

sample which is much larger than the number of training samples. As mentioned earlier,

this poses a problem since it has been well established that high dimensional data tends

to produce over-fitted classifiers in the presence of disproportionately smaller training

sets [33, 34, 169]. With the reduction of training samples taking place per node, and

the concentration of unrepresentative instances taking place in the trailing nodes, the

challenge of high dimensionality of the feature sets becomes even greater.

In domains such as these, it is common to apply some form of dimensionality reduction

in order to lessen the risk of producing over-fitted classifiers. This is generally achieved

by either using a feature selection or a feature extraction approach [33]. More commonly

feature selection is employed which seeks to identify a subset of features from the total

feature space with the goal of minimizing the redundancy and irrelevance of the final

feature subset. This is often achieved by applying predefined criteria based upon class

separability or classification performance [22]. Meanwhile, feature extraction utilizes all

the available features and projects them into fewer dimensions which has the effect of

reducing the comprehensibility of the features themselves.

Dimensionality reduction certainly is a viable option for addressing the problems here.

A simple criteria which only makes features available to the trailing nodes that have been

used by the initial nodes found at each layer, as well as a selection of previously top ranking

features holds considerable potential. However, though such a strategy holds much promise

in improving the generalizability, a degree of comparative fairness regarding the training

runtimes with algorithms that do not employ feature selection would be compromised.

Since this is an important component of the study, the pursuit of this strategy is left for

future work.

Numerous research has also found AdaBoost itself to be susceptible to outliers. Vari-

ations of AdaBoost have been proposed with the goal of producing algorithms that are

more robust to noise. Gentle AdaBoost [46] and Local boosting [196] are two proposed

variants. However, in PSL-based training the boosting component in theory should not

require modifications, since the boosting rounds are few and therefore the generated rules

do not become too specific. This means that even in the presence of outliers, provided

there is a sufficiently large number of quality samples, a significant negative effect on the

generalizability of the nodes need not be expected.

Two intuitive and straightforward strategies for improving the accuracy of PSL-like

classifiers were pursued. The first involved pruning the under-performing nodes (ensemble

thinning) from the cascaded classifier. The second consisted of a strategic re-sampling

approach to balance out the unrepresentative patterns.
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Ensemble Thinning

In Section 2.1.2, the concept of thinning an ensemble-classifier in order to produce a subset

which performs better than the original ensemble was reviewed. Ranking-based methods

for thinning an ensemble were described as operating on an individual classifier level in

order to rank each one against a validation set. Thereafter, the worst performing classifiers

are deleted. Search-based thinning strategies tend to consider the collective accuracies of

different combinations of subsets of classifiers, while cluster-based thinning methods group

classifiers together through an additional phase prior to the thinning procedure.

The initial strategy of thinning was intuitive in that it only involved recognizing that

the PSL itself performs a ranking-based procedure of classifiers within each layer and

orders them in clusters of PSL nodes. The next step involved introducing a thinning

parameter γ, to define how many nodes required pruning from each layer. The node-

thinning strategy was naive in that it did not explicitly evaluate the nodes for accuracy

but instead removed γ nodes from each layer regardless of their generalizability or the

total number of existing nodes within a layer.

The thinning strategy was evaluated on the classifiers from the previous section with

two different values of γ, where γ was set to 1 and 2. Figure 5.10 shows the results of the

thinning procedure on the 15000 positive sample dataset where γ = 1. The results indicate

that the thinning-strategy improved the accuracy of the original classifier in nearly every

instance. In the majority of cases, the ROC curves of the pruned classifiers shifted towards

the ideal top-left corner position of the graphs. In some instances the improvement in the

accuracy was up to five percentage points.

The results of thinning for γ = 2 did not improve the accuracy of the classifiers. The

thinning strategy proved to be too naive when γ was greater than 1, since the earlier

layers of a cascade tended to consist of only a few nodes, for which this method was too

aggressive. Overall, the results indicated that there is scope for further refinement of the

thinning strategy. More sophisticated strategies can be devised which more intelligently

prune layers by taking into consideration the total number of nodes within a layer, or by

beginning the pruning process onwards from a selected layer in a cascade. Additionally,

the thinning method can be combined with strategies which prune the nodes based on

their performances on validation sets. The advantage of the current approach is that it

requires virtually no post-processing overheads.

Moreover, the byproduct of the clustering process, in the form of nodes which takes

place within PSL-like methods, is that it can be used as a procedure for identifying

samples that are outliers or noisy. These samples can then be identified during the learning

phase and removed from training subsequent layers. An additional parameter can easily

be introduced to the cascade learning process which permanently removes and cleans

the dataset of such samples. For instance, this parameter can represent the minimal

proportion of unlearned samples within a base set. Once the percentage of unlearned

samples falls below a predefined value, then these samples can be identified as noisy or

representing irrelevant class sub-concepts and deleted from training.



72 Chapter 5. PSL with Positive Sample Bootstrapping

 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=5 

Classifiers:
PSL Φ=5

PSL Φ=5 γ=1
 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=5 

Classifiers:
BPSL β=500 Φ=5

BPSL β=500 Φ=5 γ=1
 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=5 

Classifiers:
BPSL β=2000 Φ=5

BPSL β=2000 Φ=5 γ=1

 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=10 

Classifiers:
PSL Φ=10

PSL Φ=10 γ=1
 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=10 

Classifiers:
BPSL β=500 Φ=10

BPSL β=500 Φ=10 γ=1
 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=10 

Classifiers:
BPSL β=2000 Φ=10

BPSL β=2000 Φ=10 γ=1

 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=15 

Classifiers:
PSL Φ=15

PSL Φ=15 γ=1
 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=15 

Classifiers:
BPSL β=500 Φ=15

BPSL β=500 Φ=15 γ=1
 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=15 

Classifiers:
BPSL β=2000 Φ=15

BPSL β=2000 Φ=15 γ=1

 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=20 

Classifiers:
PSL Φ=20

PSL Φ=20 γ=1
 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=20 

Classifiers:
BPSL β=500 Φ=20

BPSL β=500 Φ=20 γ=1
 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  0.0002  0.0004  0.0006  0.0008  0.001  0.0012  0.0014

H
it
 R

a
te

False Positive Rate

ROC Curves for Classifiers Trained on a 15000 Sample Set and Φ=20 

Classifiers:
BPSL β=2000 Φ=20

BPSL β=2000 Φ=20 γ=1

Figure 5.10: ROC curves for PSL and BPSL classifiers showing the results of pruning
where the pruning parameter γ = 1.
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Informed Re-sampling

While the first strategy involved a simple post-processing step, the second strategy con-

sisted of modifying the training sets on which the trailing nodes are exposed to, with the

goal of balancing out the unrepresentative patterns of the target class with more general

patterns.

The alternative strategy performed random re-sampling of positive samples without

replacement from the set of positive samples which have already been correctly learned

by preceding nodes. As such, the re-sampling is informed and is only carried out when

the size of the base sets falls bellow the specified size β. The base sets are augmented by

n number of samples which represent the difference between the specified set size β and

the current number of unlearned positive samples. The re-sampled positives are referred

to as secondary positives, while the remaining misclassified samples are termed primary

positives.

Once a node is trained, the secondary samples that are classified as false negatives

remain within the training set for the next node. The secondary samples that have been

predicted as true positives are replaced with new true positive samples as classified by the

prior nodes. This strategy helps to steer the learning process away from creating overly

specific rules based on the minority samples in the trailing nodes.

A further strategy was required in order to ensure that the learning focused on the

primary samples rather than on re-learning patterns from the secondary positives. This

was needed because the skewness between the primary and secondary positives becomes

more acute for each successive node with the consequence that the primary samples are

not learned, resulting in over-inflated layers with large numbers of nodes. Due to this, two

additional mechanisms were used. The first increased the weights of the primary positives

and the second relaxed the Φ size requirement for a fixed number of weak classifiers per

node.

Given a 50-50 split of the total available weights between the positive and negative

samples, the strategy for increasing the weights of the primary samples involved a function

that allocated more weights to the primary samples as their relative proportion in respect

to the secondaries increased. The modification of sample weights was designed to begin

once the proportion of primaries to secondaries reached a predefined threshold t. With

t = 0.5, the weight re-allocation function was defined as:

wj = t+
t− pj

2
, (5.1)

where wi is the proportion of total positive weights allocated to the primary samples for

node j and pj is the proportion of primary samples that comprise the positive base set for

node j when pj < t. Once pj falls beyond the predefined threshold, the total proportion

of the re-allocated weights to the primary samples ranges from 0.5 to 0.75.

The Φ node size parameter was also relaxed in respect to the increasing skewness of

the primary and secondary positives. The number of weak classifiers per node j was

increased by 1− pj as soon as the number of primary positives in a given node fell below

β. Therefore, as the primaries became scarcer, the size of the node size Φ increased up

to the maximum of twice its original size. This procedure was also necessary in order to

limit the total number of nodes being generated by each layer. Algorithm 8 summarizes
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the entire procedure.

Algorithm 8: BPSL with Re-sampling (BPSL.r) procedure for a given
layer i.

Given : Pi,j denotes the positive dataset of size β, used to train node j in
layer i where Pi,j ⊂ P. Φ denotes the maximum number of weak
classifiers per node.

Pi,1 = RandomSample(P, β)1

offset = 02

for j = 1 to n do3

for k = 1 to Φ+ offsetj do4

hi,j,k = AdaBoost(Pi,j , Ni)5

Pi,j+1 = (xm, ym),∀x ∈ Pi,j, where hi,j(xm) = −1 ∧ ym = 16

sP = SizeOf(Pi,j+1)7

for k = 1 to β − sP do8

Pi,j+1 = RandomSample(P, 1), where (hi(xm) = −1) ∧ (ym = 1)9

sP = sP + 110

if Pi,j+1 = ∅ then11

break12

if sP < β then13

for k = 1 to β − sP do14

Pi,j+1 = RandomSample(P, 1), where (hi(xm) = 1) ∧ (ym = 1)15

offsetj = Φ

(

1−
sP

β

)

16

wj = t+ 1
2

(

sP

β

)

17

foreach (xm, ym) in Pi,j+1 do18

if isPrimaryPositive(xm, ym) then19

(xm, ym) =
wj

sP20

else21

(xm, ym) =
1− wj

β − sP22

The experiments consisted of re-training all the BPSL classifiers described in Section

5.3.1 under the same conditions. BPSL.r refers to the new BPSL classifiers that have been

trained with the re-sampling component. In order to establish the degree of meaningfulness

of the trailing nodes, the BPSL.r component was also combined with the previous strategy

of pruning where γ = 1.

The following sequences of graphs plot the ROC curves of PSL, BPSL, BPSL (with

ensemble thinning), BPSL.r and BPSL.r (combined with thinning). The first sequence of

ROC curves is shown in Figure 5.11 where the size of the base set parameter β = 2000

and Φ = 10. The first graph plots a BPSL and a BPSL.r classifier which have been trained

10 times in order to provide statistical data in respect to variations that can be expected

in the subsequent ROC curves for both types of classifiers. Once again, the standard
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deviations for the hit and false positive rates are the smallest for the most critical regions

of the ROC curves.
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Figure 5.11: ROC curves for BPSL.r, BPSL and PSL classifiers. The top left graph
indicates the mean and the standard deviations of two selected classifiers.

The remainder of the graphs indicate that on each of the datasets, a noticeable im-

provement in accuracy has been realized by the proposed strategies over the original PSL

and BPSL classifiers. BPSL.r classifiers were consistently amongst the best performing

across the three datasets. Thinning strategies combined with both BPSL and BPSL.r also

yielded improved generalizability over the original implementations on all datasets.

The next sequence of graphs in Figure 5.12 shows results from classifiers where β was

also set to 2000, while the node size was increased to Φ = 15. In addition, VJ classifiers

are plotted alongside the other classifiers in order to demonstrate the degree to which the

difference in accuracy has been improved by the proposed strategies. On the 5000 sample

dataset, a modest improvement by the BPSL.r and BPSL with thinning, can be seen over

BPSL. Both of the former algorithms increased their generalizability on slightly different

sections of the ROC curves. The BPSL.r classifier attained strong accuracy on the 10000

sample dataset where its generalizability was comparable to that of VJ. BPSL.r combined

with thinning produced marginally lower accuracy while BPSL combined with thinning

once more improved upon the original BPSL and PSL. Similar patterns are repeated in

the 15000 sample dataset where the BPSL.r was once again the best performing classifier.
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Figure 5.12: ROC curves for BPSL.r, BPSL and PSL classifiers where Φ = 20.

This time PSL attained higher accuracy than BPSL with thinning; however, the thinning

strategy increased the accuracy of its classifier once more over BPSL. The analysis of the

accuracies per node throughout each layer for a selected BPSL.r classifier where Φ = 20

and β = 2000, on a 15000 sample dataset can be seen in Appendix A.1.

The final sequence of ROC graphs in Figure 5.13 displays classifiers with smaller base

sets where β = 500 and Φ = 15. Overall, the degree of improvement on classifiers with

smaller base sets where β = 500 was not as large as it was with β = 2000. On the 5000

sample dataset, the BPSL.r classifier clearly outperformed the remaining classifiers, while

not lagging far behind VJ. The BPSL with thinning failed to improve the generalization

of BPSL for the first time, while BPSL.r combined with pruning, also decreased the ac-

curacy. BPSL with thinning, and BPSL.r both registered better accuracies on the 10000

sample datset over the BPSL and PSL classifiers while VJ edged slightly ahead. On the

last dataset, the improvements of the proposed strategies were more muted. Though both

the BPSL.r and BPSL improved between 1-3 percentage points over the naive implemen-

tations, the gap between the VJ and these classifiers still remained considerable.

Overall, however, the results can be summarized by concluding that the BPSL.r has

consistently demonstrated and improved accuracy over the BPSL and PSL classifiers. The

improvements were slightly higher for larger sizes of β. When combined with thinning,

there was no indication of an improved generalizability of the classifiers. This testified to
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the improved quality of the trailing nodes and their integral role in maintaining a high

accuracy, which was previously not the case. In almost all cases, BPSL with thinning

did improve the accuracy of the BPSL classifiers and occasionally even displayed slightly

stronger generalization rates over the BPSL.r classifiers. However, the degree of their

accuracy improvement was not as large or as consistent as that of the BPSL.r classifiers.

As expected, the trade-off associated with the increased generalizability brought about

by the informed re-sampling strategy of the BPSL.r classifiers is an increase in the training

runtimes. In Figure 5.14, the training runtimes for all algorithms are displayed. In order to

highlight the trends, the training runtimes are listed as the averages over all four classifiers

with different values of Φ for each algorithm. Overall, the fastest training runtimes are

recorded by the BPSL (β = 500) classifiers and the runtimes increase slightly for these

classifiers as the β parameter is also increased. The training runtimes of BPSL.r (β = 500)

showed that there was a modest increase in the cost of training classifiers using the re-

sampling strategy, while this cost increased substantially as the β parameter was also

made larger. Despite the higher cost associated with the re-sampling facility, the BPSL.r

continued to display faster training runtimes than PSL.
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Figure 5.13: ROC curves for BPSL.r, BPSL and PSL classifiers where Φ = 15.

Table 5.3 provides a more detailed comparison between the pairs of BPSL.r, BPSL

and PSL algorithms, together with different parameter values for β. The figures show

the extra training runtime required in percentages between the pairs of algorithms as the
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Figure 5.14: Averaged training runtimes for each of the BPSL.r, BPSL and PSL algorithms
across all parameter values for Φ as well as those of the Viola-Jones classifiers.

training datasets increase. The figures once more represent averages over all node sizes of

Φ and are listed with their standard deviations.

Beginning with the comparison of BPSL.r and BPSL where β = 500, the training run-

times increase substantially for the BPSL.r as the dataset size becomes larger. Comparing

the same algorithms with β = 2000, the results show that though there is a significant

increase in the training runtimes of the BPSL.r algorithm over the naive implementation,

the cost of training does appear to increase at a substantially with the dataset sizes.

In comparing the PSL with the BPSL.r algorithm, the extra computational requirement

clearly increases for the PSL with the larger datasets for both values of β. However, on

the smallest datasets tested here, the PSL did register slightly faster training runtimes

on average than the BPSL.r with β = 2000. Lastly, the BPSL.r algorithm is compared

with itself on two different values of β. On β = 500, the training runtimes are clearly

faster on smaller datasets, but as the datasets become larger, the additional training cost

associated with using a larger value of β on this algorithm, decreases substantially. On

the largest datasets, there is very little to differentiate the training runtimes on both

parameter settings.

The way in which this translated to the total number of weak classifiers generated by

each algorithm can be seen in Table 5.4. For all PSL-like classifiers, the totals have been

averaged over each of the four classifiers for every value of Φ, with the standard deviation

reported. The PSL and BPSL algorithms generated the most concise classifiers across

all datasets, with BPSL (β =2000) producing the simplest ensembles. The informed re-

sampling strategy of BPSL.r indicated that it generates ensembles that are approximately

30% larger than the PSL and BPSL classifiers which is a tradde-off for a notable im-
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Table 5.3: The extra training runtime required expressed in percentage and the standard
deviation between the BPSL.r, BPSL and PSL algorithms.

BPSL.r (β =500) BPSL.r (β =2000) PSL PSL BPSL.r (β =2000)
vs. vs. vs. vs. vs.

Dataset BPSL (β =500) BPSL (β =2000) BPSL.r (β =500) BPSL.r (β =2000) BPSL.r (β =500)

5000 45% 73% 29% -8% 31%
±11.5% ±9.8% ±15.8% ±14.1% ±15.3%

10000 82% 85% 46% 12% 23%
±30.0% ±19.4% ±30.2% ±15.1% ±19.2%

15000 102% 75% 64% 49% 2%
±33.4% ±18.6% ±33.7% ±22.5% ±19.0%

provement in the generalizability. The VJ classifiers, as expected, produced considerably

larger ensembles than all the PSL-like algorithms; however, it generated a considerably

less complex ensemble for the 15000 dataset than it did for the 10000 dataset which made

the difference between it and the PSL-like algorithms not as extensive as expected.

Table 5.4: Total weak classifiers generated by each of the training structures. Sums ex-
pressed as averages over all four classifiers for each value of Φ with the standard deviation.

Dataset PSL BPSL (β =500) BPSL (β =2000) BPSL.r (β =500) BPSL.r (β =2000) Viola-Jones

5000 610 641 604 786 757 1319
±71 ±59 ±53 ±99 ±39 -

10000 1130 1182 1118 1527 1401 2955
±173 ±140 ±153 ±154 ±180 -

15000 1583 1703 1459 2075 1959 2217
±253 ±184 ±179 ±274 ±155 -

5.5 Discussion

The BPSL approach to training weak classifiers bears some resemblance to bagging in

that different partitions of data are randomly selected for training classifiers. However,

the resemblance ends there since BPSL fundamentally differs to the bagging approach in

that the sampling of new samples is informed by previous classifiers’ performances and

correctly learned samples are eventually removed from learning3.

There are clear advantages in using BPSL over PSL. The training runtimes are sub-

stantially reduced while there is no evidence that the generalizability of the classifiers is

reduced. However, the advantage brought by the efficient runtimes of PSL-based methods

is likely to be outweighed by overfitting in cases where the training sets are highly complex

in the sense that they contain considerable in-class variability and noisy data.

Given highly complex datasets, PSL training requires that additional strategies be

employed in order to prevent the rules becoming too specific. The strategies developed here

present the practitioner with a trade-off. When training with strict runtime constraints,

then the ensemble thinning method is to be preferred since it has definitely been shown

to improve the performance of the classifiers while requiring no additional post-processing

overheads. Pruning a node from each layer is sufficient to realize significant improvements.

3It can also be said that the iterative removal of learned samples shares similarities with IREP [51] family
of rule induction algorithms, while the informed re-sampling component used for preventing overfitting
has functional parallels to the way the former algorithms employ pruning datasets.
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More aggressive pruning should only take place on final layers of a cascade since they are

comprised of larger numbers of nodes.

Under more flexible runtime constraints, the informed re-sampling strategy is to be

preferred since it has consistently demonstrated the highest accuracies. This approach

should be applied by using base sets that are ideally of the same size as those of the

negative datasets. While the re-sampling strategy does generate the best accuracy, the

resulting classifiers should be validated by also performing ensemble thinning, since on

occasion this can yield slightly improved results and slimmer ensembles without incurring

any computational overheads.

An alternative strategy to preventing overfitting taking place on PSL-based methods

is to abandon the requirement of achieving 100% hit rates for each layer. By removing

the positive samples which fail to be correctly trained from subsequent layers, this strat-

egy can imitate the thinning strategy but it can in theory accomplish even more since

such undesirable patterns will not have the opportunity to compromise other nodes in

subsequent layers.

Lastly, the results indicate once more that there is no consistently discernible differ-

ence between the accuracies and runtime performances of PSL-based classifiers trained on

different node size parameters Φ. The recommendation is that when training classifiers

using PSL approaches, several classifiers with varying values for Φ should be created and

thereafter the best performing classifiers should be selected.

5.6 Summary

The research here conducted experiments on the PSL algorithm with larger datasets. A

PSL-based algorithm was also developed for bootstrapping positive samples in a similar

way to that which exists for negative datasets. This strategy holds potential for efficient

cascade training on massive positive datasets. The algorithm uses a method of informed

under-sampling which enables it to learn all relevant patterns of a target concept without

explicitly training on every sample in a positive dataset.

The problem of overfitting was confirmed to be occurring on PSL-based algorithms

when training on datasets with high degrees of in-class variation and large numbers of

noisy samples. Two successful strategies were devised to counter the effects of overfitting.

One involved ensemble thinning, while the second employed informed over-sampling.

The summary of the primary findings of this chapter are:

1. The accuracy of PSL in relation to conventional cascading algorithms does not in-

crease sufficiently by just increasing the size of the positive training datasets.

2. The positive sample boostrapping capability of BPSL considerably reduces the train-

ing runtimes of PSL, while maintaining similar generalization patterns.

3. PSL-based algorithms encourage imbalanced-learning and perform implicit informed-

clustering of the positive dataset whereby the learning of the most complex samples

is delayed for the final nodes. The datasets used for the final nodes consist of

high concentrations of samples that either represent class sub-concepts or are noisy.

When a training set possesses a high number of such samples, then overfitting is

likely to occur.
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4. Applying ensemble thinning in the form of removing a specified number of trailing

nodes improves the overall accuracy.

5. The strategy of re-sampling from redundant positive samples (BPSL.r) and aug-

menting the base positive sets mitigates the overfitting.

6. BPSL.r generalizes better than BPSL and PSL. There are times when combining

both BPSL.r and ensemble thinning produces superior accuracy. The improved

generalization comes at the expense of increased training runtimes. As the parameter

β for determining the positive base set size increases, the accuracy increases as does

the training runtime cost.
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Chapter 6

Enabling Adaptive Learning on

Rare-event Detection Domains

The underlying assumption of classical approaches for training classifiers has been that

their operating domains are stationary [107, 177]. However, with the advent of stream-

ing data and long life classification systems, it has become clear that these assumptions

no longer hold. Consequently, it has become apparent that traditional techniques for

application are inadequate on emerging domains [99, 100].

The data streams in dynamic domains such as e-commerce, economic and financial

data analysis, sensor systems, email spam filtering and a host of other burgeoning fields,

possess distributions and class descriptors that constantly change with time, due to some

hidden context [181]. Therefore, the target concepts from the original training data may no

longer correspond with the current representations of the target concept. As a result of an

increasing loss of relevance between the concepts’ representations and current snapshots

of data, a deterioration in the runtime accuracies ensues. This phenomenon is referred to

as concept drift [145].

Variations in data can take a sudden or a gradual form and may also be recurring,

whereby previously active concepts reappear in a randomly cyclical fashion. Although

an increased understanding about the anticipated types of drifts improves the chances

of devising a successful adaptive strategy [80], often the magnitude and frequency of

drifting contexts is not known a priori. To a large degree, training effective classifiers

is contingent on formulating strategies based on foreseen types of changes inherent to

an operating domain. Due to this, training accurate classifiers for unpredictable non-

stationary environments is non-trivial [109, 166] and is still an open problem.

The situation is further compounded by the fact that many target concepts in stream-

ing data are also rare-occurring [177]. Biased-class distribution problems of this kind can

hinder and impose significant limitations on accuracies attainable by standard learning

methods [71] and are a considerable ongoing challenge [177]. This situation is encountered

in a large and growing list of domains such as adversarial monitoring environments like

network intrusion, surveillance and transaction fraud detection.

In addition to the trends that have given rise to expanding numbers of available data

with seemingly unlimited and continuously flowing streams, there has also been a tendency

for these streams to be dense and high-speed [200]. This poses difficulties for not only

realizing real-time event detection, but even more, so for modelling and handling concept-
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drifts in a timely manner. Failure to expeditiously update models to time-evolving envi-

ronments will eventually result in a decrease in prediction accuracy [177]. For instance,

this can be critical in robotics where there is a reliance on computer vision components.

The incoming data is high-speed and large scale, with drifting concepts caused by differ-

ent lighting conditions. A problem domain of this kind requires real-time processing and

adaptation in order for time-sensitive tasks such as obstacle avoidance and planning to be

effective [123].

6.0.1 Motivation

The motivation for this chapter is to propose a drift handling algorithm that is applicable

to PSL-like classifiers. The challenge was to devise a method with minimal computational

overheads which can adapt in real-time to changing concepts in the presence of large vol-

ume and high-speed streaming data. This is not attainable using most existing approaches

that continuously revise and re-train new classifiers. The aim was to devise a model that

makes no assumptions about the types of drift in its operating domain and can therefore

be equally robust to both gradual and abrupt concept drifts, while also addressing the

issue of recurring contexts. The research was also motivated by the challenges presented

by rare-class distributions in classification. The goal was to address this difficulty by ex-

ploiting the classifier structuring process of the attentional cascade [172] together with the

challenge of meeting real-time execution requirements. The questions that this chapter

sought to address were:

1. Can effective adaptability of PSL-like classifiers be realized using methods which do

not explicitly re-train existing classifiers within an ensemble?

2. How responsive will the proposed algorithm be to a variety of drifts with different

magnitudes and unknown cycles?

3. Is the adaptability realizable within real-time constraints?

Artificial datasets like STAGGER [144] and SEA [149] concepts have become common

benchmarks for measuring the effectiveness of proposed algorithms for handling concept

drift. However, the relevance of classifier performances on these datasets in respect to

real-world problems has not been established [122]. There currently exists a lack of robust

publicly available real-world datasets for benchmarking concept drift-handling algorithms

due to limited degrees of actual drift in them [166]. As a result various concept drift

types have had to be artificially introduced to these datasets. Bifet et al. [8] also note

that popular benchmark datasets are insufficient for testing scalability of algorithms for

massive data streams.

These issues served as a motivation to create a real-world dataset containing natural

concept drifts. A decision was made to continue with the problem of face detection and

to explore methods of realizing classifier adaptability in this domain. By implementing

exhaustive raster scanning of a given image frame using sub-windows of increasing sizes,

it was possible to create a suitable problem domain which provided a large, high-speed

data stream, where accuracy and real-time drift response is paramount. In addition, the

problem domain satisfied the requirement of consisting of a biased-class distribution as
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well as possessing naturally occurring concept drifts of varying magnitude which could be

easily captured.

6.0.2 Past Research

Ensemble-based techniques have been shown to be an effective and scalable approach

to addressing concept drifting challenges in streaming data [147, 149, 176, 200]. The

modularity they afford gives them the ability to retain relevant historical information as

well as to effectively incorporate new knowledge [36].

In order to maintain classifier relevance to current snapshots of streaming data, ensem-

ble systems generally employ either the constant-update or detect-and-retrain methods for

revising their constituent experts [130]. These can be seen as evolving and event driven

respectively. Most ensemble systems belong to the former category. These methods are

not concerned with detecting or quantifying the magnitude of drift that might be occur-

ring. Instead, these approaches assume that drift is always taking place in the environ-

ment and therefore, they continuously adapt classifiers to the current environment. This

continuous-update strategy comes with the loss of responsiveness to sudden drifts [130]

and the increased risk of modelling noise. Wang et al. [177] point out the high model

update-cost associated with this approach since all valid classifiers need to be consulted

and new classifiers learned on data that may not even contain concept drifts. Hence, this

strategy may cause severe limitations on the systems ability to operate in high-speed data

streams.

Alternatively, the detect-and-retrain class of strategies actively monitor changes in

the underlying distribution of data and trigger a classifier update once a predetermined

criteria or performance threshold are surpassed. Under these approaches, the environment

is assumed to be mostly stationary [36]. As a result, they are more responsive to sudden

drifts [130] and they may experience varying degrees of accuracy deterioration under

gradual drifts before the classifier is updated.

Ensemble-based systems maintain an updated state in respect to the non-stationary

environments using a combination of strategies. These typically involve dynamic modifi-

cations of classifier weights and voting techniques, mechanisms that add new competent

classifiers and remove the irrelevant, as well as approaches based on batch (offline) and

instance (online) learning [36, 80].

Batch learning approaches train on entire partitions of incoming streaming data instead

of single data instances. Recent approaches [36, 73, 107, 176], train new classifiers for

every newly generated batch of data, altering both the structure of an ensemble as well

as the weights of existing classifiers in order to maintain a corresponding state to the

current environment. Wang et al. [177] recognize the high update costs associated with

continuous global updates of a model in massive data streams and devise a framework for

rapidly revising only relevant components of an ensemble and training new classifiers when

required. Scholz and Klinkenberg [147] similarly address the problem of high density data

streams and propose an event driven approach that trains and appends a new classifier to

an ensemble only once drift is deemed to have occurred. All the above approaches employ

various strategies for concept forgetting, involving either some form of ensemble pruning

or a reduction in classifier competence weights.

Nishida et al. [109] employ a hybrid approach that combines both batch and online
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learning. Their batch-trained classifiers preserve previously learned knowledge and thus

provide robustness to recurring contexts, while online updated classifiers maintain a higher

relevance to current snapshots of data by continuously adapting to each incoming instance.

Kolter and Maloof [75, 76] propose pure online learning approaches that train and incor-

porate new experts into the ensemble when the ensemble makes a collective mistake. Each

time an individual expert makes a mistake, their competence value decreases. An expert

is deleted from the ensemble once its competence value falls beneath a predetermined

threshold.

Pockock’s [118] claim that Oza’s Online Boosting [111] algorithm is suboptimal for

drifting concepts, since it assumes that streaming data are independent and identically

distributed, motivated them to make modifications to it, that they empirically show, yields

some accuracy advantages. Their extensions still enabled them to preserve advantages of

the original algorithm that included fixed memory usage associated with maintaining a

preset number of experts in an ensemble and the incremental nature of the algorithm.

6.1 Implementation Details

There are three components that constitute the proposed drift handling algorithm. The

first involves training a static PSL-like classifier. The second component takes the static

classifier and a dataset (training or validation dataset) as input in order to assign to

its various nodes competence values. This is described in the next section. The third

component adapts the classifier to streaming data by parameterizing the cascade layers

based on the competence values learned in the previous phase and is detailed in the

following section.

6.1.1 Assigning Competence Values to the Static PSL-classifier

Experiments on enabling bootstrapping to PSL in Chapter 5 demonstrated that the nodes

consisted of very diverse classifiers as attested to by the varied accuracies between the

nodes in each layer. Though some nodes were shown to overfit data under certain con-

ditions, it became apparent that since each node was trained on mostly non-overlapping

positive datasets, each one came to specialize at predicting distinct portions of the distri-

bution of the target concept.

Intuitively, the next step involved recognizing that each node, made up of a cluster

of weak classifiers, could be seen as an individual ensemble classifier itself. Theoretically,

the competence level of each node could then be determined based on its individual per-

formance on any combination of the training or validation datasets as well as streaming

data containing drifting concepts. Using this strategy, the intention was to leverage the

confidence votes of each node in their contribution to making a final detection as concept

drifts takes place and affects different class descriptors.

This strategy was pursued and in the process of assigning confidence values to the

nodes, the nested cascade within each layer was transformed into an ensemble of node

classifiers. The outcome was that the previous vote-combination strategy of one-node-one-

vote had to be revised in order to accommodate weighted voting based on the predictive

competence of each node. The cascade architecture of a single layer is shown in Figure 6.1.

The evaluation of a node becomes no longer conditional on the outcome of the predictions
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Algorithm 9: Concept Drift Learning

Given: Ti = threshold for layer i, αij = confidence value for node j on layer i,
∣

∣TPR
∣

∣ and
∣

∣FPR
∣

∣ true and false positive rate matrices for all nodes,
∣

∣vote
∣

∣

= matrix of sums of all αij values for each layer representing possible
thresholds, Lij = loss value for a node j on layer i, threshi = threshold
value for layer i, ω = false positives weight adjustment, υ = true positives
weight adjustment, Ek = error metric for a given threshold value k.

Input : PSL-like classifier h, SDn = static dataset vector {(x1, y1), ...(xn, yn)}
where each sample x corresponds to a class label y ∈ {−1, 1}, Dt

n = tth

snapshot of non-stationary dataset containing n samples,
Line1

H = TrainPSLClassifier(SDn)33
∣

∣TPR
∣

∣,
∣

∣FPR
∣

∣ = EvaluateClassifier(SDn, h)4

foreach ith cascade layer do66

foreach jth node Hi do7

Lij =

(

FPRij

2

)

+

(

1− TPRij

2

)

99

Hijαij =
1

2
ln

(

1− Lij

Lij

)

10

foreach tth snapshot of dataset stream D1,..,T
n do1212

if Hi(D
t
n) > acceptable error then1414

lower begining cascade layer i1616

if Hi(D
t
n) ≤ acceptable error then goto step 121818

foreach x sample in dataset stream Dt
1,..,n do2020

foreach ith cascade layer do21

votei,k = Hi(x)22

update statistics FPRi, TPRi based on each value votei23

foreach ith cascade layer do24

foreach kth possible threshold value in votei do25

Ek =

(

FPRi,k × ω

2

)

+

(

(1− TPRi,k)× υ

2

)

2727

if Ek < Emin then2929

Ti = votei,k30

Emin = Ek31
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of the prior nodes and thus every node within each layer is guaranteed to be executed.

The combination of the weighted confidence voting replaces the veto and the unanimous

voting of the previous scheme.

Figure 6.1: Diagram of the concept-drift learning algorithm.

Algorithm 9 outlines in detail the entire concept drift learning method. Once an ini-

tial PSL-like classifier has been trained on a static dataset (Step 3), it is first validated

against it to gather competence values for all the nodes (Step 6). Due to the large class

distribution skews that discriminate against the performances on the positive detections,

instead of using the overall error rate, a performance metric was devised that was in ef-

fect the average between the false positive rate and the false negative rate in respect to

the target class (Step 9)1. This performance metric of each individual node-classifier was

used to calculate the competence values in the form used by Yoav and Schapire [192] for

determining the voting strength of individual weak classifiers

hijα = 0.5 ln

(

1− Eij

Eij

)

(6.1)

where each confidence value α is assigned to a jth node h on an ith cascade layer, based

on the performance metric E. Usually ensemble combination rules consist of a simple

weighted majority vote as in

1The alternative could have also been the g-mean measure by using the products of the accuracies of
the classifier in respect to both the negative and the positive class, combined with a weight adjustment.
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Hi(x) = sign





n
∑

j=1

αijhij(x)



 (6.2)

where H represents a prediction for a layer i using the sum of n number of ensembles

applied to on an instance x whose prediction is determined by the sign. This was modified

by parameterizing each layer with a minimum confidence threshold value Θi

Hi(x) =











1 if
n
∑

j=1
αijhij(x) > Θi

0 otherwise

(6.3)

in which a sample instance x is positively predicted and passed to succeeding layers for

more rigorous testing only if the sum of confidence values for the current layer surpass it,

thus producing more robust collective decisions.

6.1.2 Concept-Drift Learning Algorithm

In contrast to the node-classifier confidence weights, the layer confidence thresholds are

learned and optimized on the incoming data streams from the application domain in which

drift is present. In Step 20, an optimal layer threshold Θi for layer i is computed by first

creating a distribution of all sums of node-classifier confidences. By treating each distinct

sum as a threshold, an error metric can then be calculated for each one. Additionally,

the confidence threshold value can be set to either favour higher hit rates or lower false

positive rates by varying the weights of ω and υ values in (Step 27). Once the algorithm

has completed classifying all instances from a current data stream and all layer confidence

sums with their respective errors have been computed, the sum with the lowest error rate

for each layer is selected as the optimal threshold (Step 29).

Once threshold learning is finished, the classifier is ready to be redeployed and can

begin to handle drift (Step 12). Unlike most ensemble based methods, the algorithm

makes use of a trigger mechanism to inform it that drift is occurring in the environment.

In its current form, the algorithm uses the classification error rate as a trigger for drift

handling to begin if the generalization ability falls beyond a predefined level (Step 14).

Initial experiments have shown that employing layer confidence thresholds achieves

an aggressive strategy for eliminating false positive detections that can sometimes also

reduce positive hit rates if not carefully applied. This observation can be combined with

the flexibility of cascaded classifiers which allows it be combined with a strategy that

varies the number of layers that utilize confidence thresholds depending on its current

generalization. During runtime, the drift learning algorithm can progressively increase

the number of layers to which layer thresholds are applied (Step 16) until a sufficient

number of false positives has been eliminated, while the calculation of the preceding layers

is preserved in the original form. The ability of the framework to progressively increase

the number of layers that use confidence thresholds becomes the algorithm’s facility for

handling gradual drifts.

As data streams begin to drift more acutely, the algorithm activates proportionally

larger numbers of layer confidences in respect to increasing false positive rates. This
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proceeds until the drift stabilizes or until all available layers with confidence thresholds

are exhausted. If all layer thresholds have been deployed and the error rate is still above

an acceptable level, then the layer thresholds have been rendered irrelevant to current

conditions and subsequently optimal layer threshold learning is re-initiated (Step 18).

The concept of using layer thresholds shares some affinity with the manner in which

Viola-Jones employ the layer thresholds. Their approach adjusts the layer thresholds at

training for the purpose of controlling the trade-off between the TPR and FPR. Similarly,

the proposed layer thresholds also modify for each layer the operating point on the ROC

curve. The approach outlined here differs in that the layer thresholds are learned based

on clusters of weak classifiers that are trained on different partitions of data with distinct

boosting rounds and thus do not explicitly represent the boosted margin theory of Yoav

and Schapire [192].

6.2 Experiment Design

The algorithm was tested on a collection of images containing faces in different settings.

The comparisons were conducted between the performances of a statically trained classifier

with and without the application of the proposed adaptive algorithm. The underlying

classifier was first trained offline using the BPSL method and the datasets described in

Chapter 5.3. The resulting classifier comprised of 24 layers with 3-6 nodes per layer. Table

6.1 summarizes the details of the static classifier and its training procedures.

Table 6.1: Training and dataset details together with the properties for constructing the
static classifier.

Property Attribute

Positive images 5000
Negative images 2500
Cascade layers 24
Ensemble-clusters per layer 3-6
Ensemble-cluster size 1-20

The test images used for concept learning were completely independent from those

used for the training of the static classifier. The test dataset consisted of 100 images

comprising of 640 × 480 pixel dimensions, collected from a web-cam from different and

varying environments. Each frame provided a stream of 336,980 instances in the form of

image sub-windows to be evaluated. The total number of evaluated samples for the dataset

exceeded 33 million, thus simulating a large volume and high-speed data stream. Initial

sub-window size was 24 × 24 pixels and increased by the factor of 1.2 after exhaustive

raster scanning of an image at an increment of 2 pixels per scan. Table 6.2 lists properties

of the test set and the properties of the adaptive learning.

In compiling this dataset, the aim was to include instances of gradual and abrupt

shifts as well as recurring contexts and data distribution changes over time. Gradual

shifts were modelled through illumination changes and by panning the camera in a given
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Table 6.2: Characteristics of the concept-drift learning dataset and the method.

Property Setting

Total images 100
Image size 640 × 480
Sub-window kernel size 24 × 24
Sub-window scale increase factor 1.2
Sub-window raster scan pixel increment 2
Total sub-windows per image 336,980
Images used for learning per drift phase 1-5
Sub-window scale increase factor 1.2
Sub-window raster scan pixel increment 2
Weighted adjustment for false positive detections ω 0.5
Weighted adjustment for true positive detections υ 1.33

a)

b)

c)

d)

Figure 6.2: Sample test image sequence with various forms of drift. Starting from the
top, row a) Example of gradual drifts becoming abrupt due to illumination changes in
an indoor environment, row b) succeeded by sudden drifts into an outdoor setting, con-
taining both data distribution changes through absences of faces and gradual changes
modelled by camera panning into row c) concluding with a sudden change to indoors with
a combination of the above drifts in row d.



92 Chapter 6. Adaptive Cascade Classifiers

environment. Sudden environment changes in the form of outdoor and indoor settings were

used to model abrupt shifts as were rapid illumination variations. Image pre-processing

steps such as contrast stretching and uniformity correction were not used in order to keep

the processing overheads low and to make the detection task more challenging. Recurring

contexts were modelled by repeating similar images from previously seen settings, while

distribution shifts were created by exposing the algorithm to images with and without

faces. Example images from the test dataset can be seen in Figure 6.2.

A maximum of one face per image was present in order to simplify the extraction of

the ground truth data concerning face coordinates. The extraction of facial coordinates

was assisted by constructing a head mask with attached fluorescent markers which were

used for distinguishing positives from negatives during learning and verification phases.

All learning was conducted automatically by the algorithm without manual intervention.

The initial frame was programmed to trigger threshold learning irrespective of the offline

trained classifier’s performance.

In order to discover the optimal length of learning time required for the classifier

on this domain, five experiments were conducted in which a different number of frames

were utilized for each training phase. Initial tests relied on learning from a single frame

and extended to the maximum of five consecutive frames. Since accuracy analysis was

performed using all images, including the frames that were utilized for learning, for reasons

of fairness the experiments that learned multiple frames applied their intermediate learning

to their current classifier after each subsequent frame. Concept drift learning occurred on

frames succeeding the initial frame whose error rate triggered the learning facility.

Due to the rare-event operating environment of face detectors, higher weights were

assigned to positive samples than to the negatives when layer thresholds were learned.

The purpose of this was to assist in maintaining high hit rates; however, the algorithm

was equally capable of learning in images where faces were absent. The algorithm initiated

gradual drift adaptability each time false positives were encountered. Concept learning

for abrupt shifts was initiated if a false negative detection occurred or if false positives

continued to occur on the lowest cascade layer set for calculating thresholds. In the

experiments using a classifier with 24 layers, the eighth layer was set as the lowest for

which layer threshold learning would be performed.

6.3 Results

The experimental results first cover the accuracy comparisons between the static classifier

and the drift learning classifiers. Since face detection is a rare-event detection domain,

focus was on analyzing the reduction of the false positive rate. The adaptive classifiers are

then compared to each other in order to yield some insight as to what might be the optimal

learning time-window for this algorithm in similar computer vision domains. The best

performing adaptive classifier was then selected for a more detailed accuracy comparisons

with the static classifier in addition to the analysis of runtimes and responsiveness to

gradual and abrupt drifts2.

2Parts of this research have been published in [159, 160].
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6.3.1 Analysis of Multi-Frame Concept-Drift Learning

The results given in Figure 6.3 depict the logarithmic rate of decrease of the total number

of false positive detections as a function of each successive cascade layer. At the end of

each individual accuracy curve, the total number of false positive detections from each

classifier are displayed. From this figure, the static classifier demonstrates the slowest

rate of decrease in the false positive detections per cascade layer and ultimately produced

the highest number of total false positive detections. All adaptive classifiers attained a

reduction in the total number of false positive detections that ranged from 94%-99% over

those of the static classifier. On this particular test dataset, of the five adaptive classifiers,

the best accuracy was achieved by drift-learning performed on a window containing a single

image frame.
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Figure 6.3: Total number of false positive detections per layer for each classifier and
learning approach. The total number of false positive detections is shown at the end of
each curve.

The following observations regarding the speed of responsiveness and adaptation of

all classifiers are made from Figure 6.4. This figure approximates the actual runtimes

through curve smoothing for the purpose of readability and in order to highlight overall

trends. As expected, the figure points to generally longer runtimes for adaptive learning

that takes place on larger windows. Learning on multiple snapshots of data proved to be

particularly more expensive between frames 50-75. These frames correspond to images

that contained both patterns of increased difficulty to classify, as well as a sequence of

more frequent abrupt drifts that resulted in a high concentration of explicit threshold

learning.

The total number of explicit learning phases did not vary significantly between the five

adaptive classifiers, with all classifiers triggering 7-8 learning phases. From this it can be

concluded that learning on larger snapshots of incoming data, did not result in an overall

decrease in learning runtimes. This might have been expected had learning on larger

data snapshots actually increased the accuracy, since fewer explicit learning phases would
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have been triggered. On the contrary, both the accuracy of classifiers deteriorated when

multiple snapshots of data were employed and lengthier runtimes were observed when

using multiple data snapshots in the presence of frequent abrupt-drifts. On this partic-

ular domain, with this pattern and magnitude of environmental change, the algorithm

has demonstrated an ability to rapidly adapt to drifting conditions using minimal data.

The subsequent analysis focused in more detail on the characteristics of the single-frame

adaptive classifier and compares it to the static classifier.
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Figure 6.4: Execution runtimes for all classifiers displayed in approximated line curves
that highlight general trends.

6.3.2 Results of Single-Frame Concept-Drift Learning

Given in Figure 6.5a, are comparison results of the total number of false positive detections

per frame between the static and the adaptive classifiers. The figure shows that the false

positive detections for the static classifier seldom stayed at zero, while the upper range

exceeded 50 false detections per frame. By applying the drift-learning algorithm, the false

positive detections were removed from all but 18% of the total images, while their total per

image never exceeded two false positive detections. In total, 33 false positive detections

belonging to the single-frame adaptive classifier were confined to only 18 images, while

the distribution of 2295 false positive detections of the static classifier for all practical

purposes, rendered most frames unusable. With regard to the overall hit rates, however,

the reduction in false positive detections came at a small price. The static classifier

correctly classified all positive samples while the drift-handling algorithm produced three

false negative detections.

Recurring contexts were primarily simulated in the first 50 frames. They were made

more challenging by inserting in the middle an abrupt drift in order to ascertain if concept

forgetting would ensue. From the same figure, very low false positive detections can be

observed occurring for the adaptive classifier throughout this phase and affirm that there

is robustness in this algorithm to cyclical environmental shifts.
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6.3.3 Response Patterns to Gradual and Abrupt Drifts

Figure 6.5b demonstrates the adaptation pattern of the algorithm to gradual concept

drifts per frame. More specifically, it shows how out of the total 24 layers of the cascaded

classifier, an increasing number of layer thresholds were employed for classification as the

accuracy deteriorated. This is seen in the figure in the manner in which the initial cascade

layer for calculating layer thresholds decreases in response to increasing false positive

detections. This figure is complemented by Figure 6.5a, by showing the magnitude of

false positive detections which initiate the gradual concept-drift-handling facility. By

noting the removal of subsequent false positive detections in Figure 6.5a, the effectiveness

of the algorithm to handle gradual drifts can be seen.

Figure 6.6: An example of an image sequence that triggered the second concept-drift
learning phase.

The high concentration of abrupt concept drifts that took place between frames 50-75,

as mentioned earlier, is also pointed out in Figure 6.5b by phases 3-6. These transitions

caused higher error rates to occur, resulting in the initiation of four layer threshold learning

phases in short succession. Despite this, the algorithm still demonstrated robustness in its

responsiveness to frequent sudden drifts in the data. This can be observed in the decrease

and rapid stabilization of the false positive detections after abrupt drifts have taken place.

Figure 6.6 shows an example of a sequence of images containing an abrupt drift that was

simulated through an extreme illumination change and which in turn activated a layer

threshold learning phase.

6.3.4 Learning and Detection Runtimes

The cost of drift learning in extra runtime amounts to 3-4 times the classification time

of the static classifier (Figure 6.7a). There is however sufficient scope for optimizing the

learning phase through parallelization that would result in an overall marginal perfor-

mance penalty for time critical applications. Arguably for most applications, the modest

detection time increase is likely to be acceptable in exchange for a considerable accuracy

improvement.

Contrary to expectations, the detection runtimes of the adaptive classifiers using layer

thresholds are consistently faster when they are not in a learning phase, than that of

the static classifier (Figure 6.7b). The detection runtime acceleration of up to 10% is

attributed to the fact that the learned layer thresholds correctly classify more negative

samples in earlier cascade layers, thus preventing their further propagation to subsequent

layers and in the process decreasing computation costs. The faster detection runtime of

the adaptive classifiers mitigates to some degree the increase in runtimes brought on by
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the learning phases of layer thresholds.
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Figure 6.7: a) An accurate comparison of runtimes between the single-frame learning
classifier and the static classifier. b) The percentage of increased execution runtime of the
single-frame learning classifier over the static classifier.

6.4 Discussion

Wang et al. [177] justifiably point out that most ensemble-based solutions are made up

of individual weak classifiers which are inherently not semantically aware. The point of

this is that, in these approaches it is hard to correspond individual weak classifiers with a

hidden concept and as a result, a costly, global update of an ensemble becomes necessary.

Consequently, a vulnerability to high-speed data streams materializes. According to their

definition, an ensemble-based framework is semantically aware if it meets three criteria:
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• each member of an ensemble must be responsible for independently predicting a

subset of samples

• members of the ensemble must be revisable without affecting other components

• each component must explicitly correspond to a certain hidden concept

The design of the proposed solution meets these criteria through the decomposition

of the classifier into node-classifiers at each layer. Each node-classifier is trained on a

given subset of samples and thus a correct prediction of an instance is contingent only on

a single node-classifier per layer. The independence between the node-classifier ensures

that extensions to this framework can easily be made in the form of adding and replacing

new node-classifiers during runtime, which can then be explicitly associated with hidden

concepts.

There are several other noteworthy properties of this approach to handling drifting

concepts in non-stationary environments. The proposed algorithm rapidly realizes adapta-

tion even in large data streams. Depending on the operating domain and the complexity

of feature extraction, this can be achieved with a modest computational penalty, thus

preserving real-time classification.

The algorithm is also efficient since only layer thresholds are learned and updated

instead of individual weak classifiers. For this reason, the algorithm achieves a unique

balance between stability and plasticity in learning that is unlike existing approaches. Its

greater emphasis on classifier stability allows it to preserve previously learned information

and makes it strongly robust to recurring contexts, while still being sufficiently responsive

to changes in its operating environment.

This research has shown that the algorithm is particularly effective in rare-event oper-

ating domains where extremely low false positive detections are paramount. The algorithm

has demonstrated an ability to improve accuracies of classifiers whose high false positive

rates have otherwise rendered them unpractical. As a consequence, this approach to drift-

handling may contribute to simplifying and accelerating the offline training process in

general, by reducing the otherwise required number of negative training samples.

In addition to this, the experiments have shown the capability of the method to cor-

rectly classify positive samples even when learning takes place on snapshots of data which

only contain negative samples. As long as the static classifier has been trained on suf-

ficiently large positive datasets, this property may be employed to provide a form of

background modeling that can be performed before a classifier is deployed.

A positive characteristic of this algorithm has been its ability to adapt to changing

conditions using minimal snapshots of incoming data. For the particular problem domain

and test dataset used in this research, it became apparent that there was no inherent

advantage for the algorithm in exposing it to larger data snapshots. This may prove to

be an equally occurring characteristic in other domains and will therefore be a subject of

future research.

The calculation of layer thresholds has also been shown to speed up the detection

runtime since more negative samples are rejected by earlier layers resulting in a decrease

in computation loads.
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Model Limitations

The shortcomings of the algorithm lie in its current limitation of being unable to explicitly

learn novel positive samples, or positive samples whose class description has been radically

modified over time due to environmental changes. In that sense, the algorithm is not in-

cremental, but rather adaptive in nature. As mentioned earlier, the modular structure of

the proposed framework enables extensions for incremental learning that would consist of

augmenting each cascade layer with new node-classifiers3. Therefore, at present the algo-

rithm is restricted to correctly classifying positives containing patterns learned during its

offline training phase. Hence, this approach is limited in its effectiveness to environments

whose target concept does not undergo substantial modifications of its class descriptions,

but rather where changes in the environment are moderate and recurring. However, the

fact that the approach does not explicitly learn new classifiers, nor alter weights of the

existing ones, does make it resistant to incorrectly learning and modeling noise.

In its present form, the algorithm is limited to binary class problems only. However

this can be overcome, since all multi-class problems can be reduced to a series of two-class

classification tasks [3, 94]. This results in k number of distinct classifiers being trained,

for which the algorithm can be applied. Also, the approach requires that the classifier

ensemble be decomposed into a cascade-like structure with distinct clusters of classifiers.

Existing classifiers would therefore need to be re-trained to take advantage of this method.

In the proposed system, it is also difficult to determine the optimal balance of re-

sponsiveness to concept-drift between gradual adaptation, implemented in the algorithm

through progressive increases in the number of layers to which layer-thresholds are ap-

plied, and the explicit re-learning of all layer-thresholds when the magnitude of drift is

perceived to render previous learning irrelevant. If the balance between the two modes

of handling drift is designed poorly, then either the adaptation of the system will be too

slow, causing long durations of classification errors before re-learning of layer thresholds

is initiated, or the system will become a constant-update approach possibly leading to

performance degradation.

Finally, the detection of drift as well as the adaptation of the system is reliant on

supervised learning and cannot be done without explicit input of ground truth describing

class labels of new instances. However, as alluded to earlier, this can be alleviated to some

degree in binary-class rare-event domains in which degrees of adaptation can be achieved

by only exposing the algorithm periodically to background samples.

6.5 Summary

The foremost aim of the chapter was to explore ways of enabling real-time learning adapt-

ability for PSL-like classifiers. In particular, the motivation behind the research was for

problem domains where explicit training of new ensembles is computationally infeasible

due to large volumes of streaming data as well as for cases where the data is represented

by immense dimensionalities. The goal was to replicate such an operating environment

3In the earlier work [156], it was shown how the PSL algorithm is capable of learning incrementally
by explicitly training additional nodes at each layer for misclassified samples, which are then appended to
the associated layer.



100 Chapter 6. Adaptive Cascade Classifiers

and to demonstrate the ability of this algorithm to adapt to diverse forms of drift without

inducing concept forgetting.

The main research findings of this chapter are as follows:

1. The PSL-like classifiers can be effectively combined with adaptive learning algo-

rithms for handling drifting-concepts on large-scale binary class domains.

2. The adaptive algorithm is capable of significantly improving the accuracy of an

offline-trained classifier without resorting to explicit re-training of weak classifiers.

3. The proposed algorithm is able to adapt classifiers operating on high-volume data

streams in real-time with the capacity to respond to all forms of concept drift.

4. The algorithm does not suffer from concept forgetting as commonly experienced in

recurring contexts, thus creating a balance between both plasticity and stability of

learning that is sustainable over time.

5. Using this method, effective adaptive learning can take place on samples belonging to

majority class labels for problems with large distribution skews. This is particularly

useful on rare-even domains where the variation in the background samples is large,

while the integrity of the class descriptors of the target concepts is more stable.

6. The trade-offs however come in the form of limitations of the algorithm to explicitly

learn and integrate novel information for the target concepts. This restricts the

method’s effectiveness to respond to target concepts which undergo radical modifi-

cations to their class descriptors as well as to new samples of the target class whose

descriptors have not been learned offline.
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Chapter 7

Expanding the Coarse-to-fine

Principles to Multiclass Learning

By using face detection as a medium, previous chapters have established the efficacy of the

PSL-like framework in its application to a range of binary-class classification problems.

Subsequent focus of this research turned to the multiclass problem. The specific goal

was to explore the ability of applying the PSL ensemble-decomposition strategy to the

challenges of learning multiple class labels.

Historically, the majority of machine learning research focused has been on the two-

class or binary problems. A number of popular and successful machine learning techniques

such as boosting, SVM [26] and the RIPPER1 [25] algorithms were originally designed

with the binary problem in mind [94]. However, the reality is that many classification

problems do involve predictions that require an assignment to one of multiple possible

classes. Since the probability of making a wrong prediction in the multiclass domain is

higher than for binary classification, multiclass problems are therefore considered to be

inherently more difficult to solve, especially as the number of classes increases [94].

There are many varieties of algorithms that are well suited to the classification require-

ments of multiclass learning. Amongst these, two major groups of classification approaches

can be identified. The first is referred to as a divide-and-conquer strategy and proceeds by

creating a decision tree from a given training dataset. The decision points at each stage

of the tree are calculated based on tests from selected feature types. The datasets are

partitioned based on the outcome of this test and the process continues recursively until

the required accuracy is achieved. The algorithms belonging to this category are CART

[14], ID3 [126], C4.5 [25] and its extension C5.0, which have collectively been the most

sophisticated tree induction methods of the past two decades [150].

The second family of algorithms describe methods that employ a separate-and-conquer2

strategy. These types of algorithms approach the problem by focusing the learning on in-

stances of one class label at a time. Rules are generated that attempt to correctly predict

as many instances of a target class label while excluding a maximal number of instances

not belonging to it. After each round of rule generation, the correctly classified instances

1Though RIPPER itself was designed as a multiclass algorithm, it is a direct descendant of REP [17]
and IREP [51] which were initially conceived as binary-class learning algorithms.

2This group of algorithms is often referred to as ‘covering’algorithms within the data mining community.
The covering refers to the instances that are predicted sequentially by conjunctions of rules.
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are removed and the process continues to iteratively learn the remaining instances. Of

these, PRISM [19], IREP [51] and RIPPER [25] algorithms stand out as some of the most

effective strategies.

Suh [150] describes the divide-and-conquer strategy as favouring accuracy, while the

separate-and-conquer strategy as favouring simplicity. Frank and Witten [43] combine

the two approaches into one through a strategy of partial decision-tree induction. This

method proceeds as a separate-and-conquer algorithm but differs in how the rules are

generated at each round. The approach taken is to construct a pruned decision tree at

each round with the current samples and to select the leaf with the largest coverage.

The combined approach replaces the need for global optimizations and mitigates against

overpruning [184].

Alternative strategies to multiclass problems consider successful binary classification

techniques that have already been developed and adapt their internal operations for a

multiclass setting. However, it is not trivial to extend the internals of binary learning

algorithms to multiclass and in some cases it is also quite impractical [114]. Hsu and Lin

[65] have shown that in the case of SVMs, this leads to higher training costs. For these

reasons, one of the most common approaches involves decomposing a multiclass problem

into a series of binary learning subtasks [86]. By using this strategy, the computational

complexity for inducing a classifier is reduced. In instances where only pairs of class labels

are considered, they can often be linearly separated, while this may not be at all possible

when considering the entire multiclass problem at once [134].

The most current assesement by experts in the field concludes that the application of

the cascaded classifiers to the challenges of multiclass learning is still an open problem

[194]. The most common methods have involved either constructing separate parallel

cascades for each class or building cascaded detector trees (reviewed in Chapter 2.3.1).

Recently, the most notable contributions to the design of integrated multiclass cascaded

classifiers have been by Verschae and del Solar [170]. In their research, a multiclass

boosting algorithm called VectorBoost [67] was combined with a domain-partitioning weak

classifier to build a cascaded classifier which in addition reuses information from previous

layers in order to produce compact and robust multi-view face detection classifiers.

7.1 Motivation

In this chapter, a unique multiclass learning method that decomposes the training and

detection task into PSL-like cascades is discussed. A new multiclass weak learner for

combining with the cascaded training framework is also presented. The research here

sought to answer the following questions:

1. Can the PSL-like decomposition strategy be applied to multiclass learning in such

a way that complex problems can be learned efficiently and accurately?

2. What are the effects of this training approach on the training and evaluation run-

times of the classifiers on datasets of varying sizes?

3. How does this approach to learning affect the generalization of the classifiers trained

on datasets with balanced and unbalanced class distributions?
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4. Given the inherent difficulties in learning minority class labels on datasets with

skewed distributions, does the decomposition strategy mitigate the challenges of

learning on these kinds of datasets?

7.2 PSL Multiclass Learning Framework

One of the primary objectives of this ensemble-based multiclass algorithm was to devise

an approach to learning complex problems efficiently. In order to do this, a fast multiclass

weak inducer was needed. The inducer needed to be weak so as to neither overfit the

data, nor to overshadow the learning ability of the cascaded framework by inducing class

boundaries that were too accurate. This section begins with a description of the cascaded

multiclass framework which will make the design of the multiclass learner more clear.

7.2.1 Multiclass Cascade

The underlying principle of the proposed multiclass cascade is the separate-and-conquer

strategy. As such, it bears conceptual similarities with covering algorithms like RIPPER.

The algorithm refines the cascaded classifier in a stepwise fashion by continuously removing

most separable class labels, in order to focus on more difficult classes.

Given a training set D = {(x1, y1), ..., (xn, yn)} where xi is a sample vector xi ∈ X

and yi is a class label yi ∈ Y and Y ∈ {0, ..., k}, the multiclass algorithm constructs a

cascade classifier Hk−1 that consists of k− 1 number of layers. Each layer i is specifically

trained to predict a single class label c, as Hc
i (x) ∈ Y , otherwise the prediction is passed

on to Hc
i+1(x).

The cascaded classifier Hk−1 is also two dimensional, whereby each layer contains

within it a further nested cascade Hc
i,j (Figure 7.1). The nested cascade facilitates the

coarse-to-fine learning of each layer, which enables the convergence to low training error

rates. For clarity each layer j of a nested cascade, denoted as a pair of (Mj , Bj), is refered

to as nodes. Mγ
j (x) denotes a multiclass node whose prediction γ ∈ Y and γ 6= Hc

i,j(x),

while Bj denotes a binary predictor whose output is Bj(x) ∈ {−1, 1}.

The cascade training proceeds as follows: in the first layer Hi, the initial multiclass

node Mi,j is trained on all samples using a generic multiclass algorithm until a predefined

Φ number of boosting iterations are completed. Once this criterion is met, node Mi,j

is assessed for accuracy based on individual class error rates. The most separable class

label γ is then identified for separation and assigned to node Mγ
i,j as its target class for

prediction.

All correctly predicted samples (Mγ
i,j(xi) = γ) ∧ (yi = γ) are then trained against all

the incorrectly predicted samples as class (Mγ
i,j(xi) = γ)∧(yi 6= γ), using a binary learning

approach. The resulting binary node Bi,j functions as an auxiliary node to the multiclass

node. The auxiliary node Bi,j is trained until all the false positive samples with respect to

class γ have been correctly learned. All correctly learned samples (Mγ
i,j(xi) = γ) ∧ (yi =

γ) ∧ (Bi,j(xi) = 1), belonging to class γ are then removed from subsequent training of

layer Hi. The training of node Mi,j+1 proceeds as with the initial node; howbeit, with

k − j class labels to learn.

The coarse-to-fine learning continues until all the most separable class labels and their

instances have been removed from layer Hi. If at the end of the layer training, there
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Figure 7.1: Cascaded multiclass framework.

remain instances which have not been correctly learned and associated with correct class

labels, then a final binary node FBi,j is trained, whose output is {−1, 1}. In the training

of the FBi,j node, the incorrectly learned samples are designated as negatives, while

the instances belonging to the last remaining class label c as the positives. The binary

training proceeds until a predetermined error rate is achieved. Subsequently, the class

label c is assigned as the predictor for layer Hc
i . All instances belonging to class label c

are eliminated from further training of layers Hi+1. In turn, each succeeding Hi+1 layer

with k − i class labels reduces the computational demands and the complexity of class

separability. Algorithm 10 outlines the details of the multiclass learning framework.

Key components of separate-and-conquer strategies include strategies for (1) determin-

ing the sequence in which class labels are selected for learning and subsequently, (2) the

methods of refining the classification accuracy of a chosen class label from the remaining

classes.

The approach taken by RIPPER for selecting class labels, involves sorting the list of

class labels in an ascending order of size distribution and learning labels by beginning with

the smallest class labels first. The multiclass differs in that it makes no decision on which

class label to focus on learning a priori. Instead it equally focuses learning all classes and

the most separable class label γ is assigned to the current Mi,j node, while the correctly
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Algorithm 10: PSL Multiclass Cascade

Given: n = training set size, c = number of class labels, Φ = max weak classifiers, Pn

positive and Nn negative dataset vectors {(x1, y1), ...(xn, yn)} for binary training
where each sample x corresponds to a class label y ∈ {−1, 1}

Input : Dc
n = multiclass dataset vector {(x1, y1), ...(xn, yn)} where each sample xi is a

feature vector ∈ X corresponding to a total of k classes with each class label
denoted as y ∈ Y and Y is the set of all class labels.

Output: Hfinal = cascaded classifier comprising of multiclass M and binary B and FB
nodes.

for i = 1 to k do1

FlagSamplesForTraining(Dn) where H(xi) 6∈ yi2

for j = 1 to k - i do3

// train new multiclass node

for k = 1 to Φ do4

Mi,j = MultiClassWeakLearn(Dn)5

Boost(Dn, HM
i,j)6

Mγ
i,j = γ, where γ = BestClassAccuracyLabel(Dn, Mi,j)7

errorγ = Mγ
i,j(Dn)8

if errorγ > targetmulticlass then9

Pn = (xi, yi), where (Mγ
i,j(xi) = γ) ∧ (yi = γ) // train supporting binary10

node

Nn = (xi, yi), where (Mγ
i,j(xi) = γ) ∧ (yi 6= γ)11

repeat12

Bi,j = BinaryClassWeakLearn(Pn, Nn)13

Boost(Pn, Nn, Bi,j)14

errorbinary = Bi,j(Pn, Nn)15

until errorbinary > targetbinary ;16

RemoveSamplesFromLayerTraining(Pn, Dn) where Bi,j(xi) = 1 ∧ yi = γ17

Hc
i,j = c, ∀Mγ

i where γ 6= c18

if Hc
i,j(Dn) > targetfinal then19

Pn = (xi, yi), ∀xi, where yi = c // train final binary node20

Nn = (xi, yi), where (Hc
i,j(xi) = c) ∧ (yi 6= c)21

repeat22

FBi,j = BinaryClassWeakLearn(Pn, Nn)23

Boost(Pn, Nn, FBi,j)24

errorbinary = FBi,j(Pn, Nn)25

until errorbinary > targetfinal ;26

return Hfinal
27
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predicted instances are then removed from further layer training. The justification for

choosing the best performing class label is supported by research conducted into training

classifiers using binary directed trees. Training classifiers using binary directed trees falls

under the umbrella of hierarchical decomposition strategy3 with which the multiclass

cascades share much in common. In their work with binary directed trees, Takahashi and

Abe [165] propose that initial levels of a tree should divide the most separable classes.

Their intuitive argument is that by dividing the most separated classes in the initial levels

of a tree first, a higher overall accuracy can be achieved.

The second key aspect of the framework concerns how the accuracy of a node Mi,j

is to be refined in its prediction for class label γ. The accuracy in respect to hit and

false positive rates of a class label chosen for removal, have implications for both the

training phase and the generalizability of a classifier. The hit rate of the selected class

γ determines the proportion of its samples that will be removed from further training of

the layer. If this is low then the class separability of the renaming sub-tasks is not likely

to be greatly reduced. Also the training will not become less computationally expensive.

However, a negligible false positive rate is even more crucial, since class label c for layer Hi

is not known a priori. This means that a cumulative error for instances of class c, over all

auxiliary nodes in a layer, renders the final accuracy of Hc
i (x) impractical. For this reason

the binary class learning focuses primarily on lowering the false positive rate instead of

the true positive rate in respect to class label γ. RIPPER for example differs in that once

a class is selected for learning, it uses the information gain measure of correctness of the

induced rules, to increase its accuracy in respect to the true positive rate.

The complexity of the cascade training can be approximated by showing the total

numbers of multiclass and binary weak classifiers that are generated. For k classes, the

number of multiclass nodes Mk is

totalM =
k2 − k

2
− 1 (7.1)

and binary nodes Bk

totalB =
k2

2
+ 1 (7.2)

Suppose that the size of all Mi nodes is fixed at Φ weak classifiers, while the size of Bi

nodes is flexible but cannot exceed Ψ weak classifiers. We know that the initial B1,1

node is most complex, and if Ψ is set sufficiently high, then the size of Bi,j decreases

logarithmically after each node and layer. The total number of classifiers is therefore

total = Φ

(

k2 − k

2
− 1

)

+ log(Ψ)

(

k2

2
+ 1

)

(7.3)

where the number of class labels is the dominating term in the complexity.

The runtime procedure for classifying a sample ensures that only a subset of the

cascaded classifier is evaluated as opposed to monolithic ECOC-based, OAO and OAA

approaches. As an unseen sample (xi, yi) enters the cascade at H1,1, it is forwarded to a

subsequent layer for classification if any combination of nodes produces a prediction

3Hierarchical decomposition strategies recursively divide a learning task into simpler subtasks.
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((Mγ
i,j(xi) = γ) ∧ (yi = γ)) ∧ (Bi,j(xi) = 1) (7.4)

which predicts it as matching its target class label and if the associated binary node

confirms it as a positive. A sample is forwarded to subsequent layers until it reaches a

layer Hc
i , where the condition (7.4) fails in all cases and the final node FBi,j(xi) = 1

confirms it as a positive for class label γ. The output of the nodes on previous portions of

the cascade is not considered by each node and therefore each component is independent.

As a sample instance propagates further into the cascade, the classification accelerates

since there are a decreasing number of nodes at each layer to evaluate.

To further differentiate the multiclass cascade from existing separate-and-conquer ap-

proaches, the multiclass cascade neither employs pruning nor global optimization steps as

do some rule induction algorithms4. In addition, since separate-and-conquer approaches

tend to be rule induction algorithms, they produce classification rules that are human

readable while the ensemble based methods like the multiclass cascade generate classifiers

that are incomprehensible.

7.2.2 Multiclass Weak Learner

Schapire and Singer [142] present a method for generating a weak hypothesis based on

partitioning the domain ~xf ∈ R that comprises of all sample values xi from a dataset in

respect to a given feature f into distinct and disjoint intervals, referred to also as bins.

The idea is, if sample values representing the input space ~x is seen as a distribution, then

it can be partitioned into confidence intervals. As a result, a meaningful confidence value

can be associated with each value xi depending on what bin it falls into which is otherwise

non-existent when only hard thresholds are used. The authors state that this additional

information about a sample can be extracted and used to improve both learning and

detection.

This general principle is extended here to the problem of generating multiclass weak

hypotheses and is also inspired by the work of [173], who demonstrated how optimal

thresholds for simple decision stump learners can be calculated with speed and efficiency.

A variety of existing methods for generating multiclass hypotheses could have been used

instead. Of these, C4.5 was a candidate. However, such sophisticated methods, though

fast on small and moderately sized datasets [149], can be computationally expensive on

larger datasets [150] and are hard to callibrate so that they do not overfit the data [59].

For these reasons the motivation here was to examine how well a cascaded framework

can learn and generalize given a weak classifier, that is both inexpensive and unlikely

to overfit. With that in mind, the aim was to design a multiclass weak learner for the

cascaded framework, that complements the ’separate-and-conquer’ strategy, by producing

high accuracies for at least one class label. Though overall error rates that are only

marginally better than random guessing as in K−1
K

for K classes was desirable, it was not

absolutely required for every weak classifier.

While Schapire and Singer [142] divide the binary-class domain ~x into a predetermined

number of disjoint bins, the learner presented here divides the vector ~x into K possibly

4Both IREP and RIPPER employ pruning while RIPPER uses sophisticated global optimization after
the construction of rules for each class label.
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Algorithm 11: Domain-partitioning Weak Learner

Given: T+

k = total weights for all samples (xi, yi) where k = yi, T
−

k = total weights for all
samples (xi, yi) where k 6= yi, ω

+

k , ω−k = current sum of weights, Zk =
normalization coefficient for class k, ε→k = current error for threshold pointing
right, ε←k = current error for threshold pointing left, Ek = minimum error for class
k

Input : training set D = {(~x1, y1), ..., (~xn, yn)} where ~xf is a feature vector f of a total F
features and yi is a class label where yi ∈ Y and Y ∈ {0, ...,K}. Each sample xi

has an associated weight wi.

Output: multiclass weak classifier h consisting of (~t1
f
, ~t1

f
, ~E) where ~t1

f

k , ~t2
f

k are primary
and secondary thresholds respectively for a feature f and class k

∀k, initialize T+

k , T−k1

∀k, compute Zk2

foreach feature f to F do3

~x = ∀i, (x
f
i , yi)4

sort ~x5

foreach value xi to xn do6

foreach class k to K do7

ω+

k =
K
∑

k=0

Zk · wi, where yi = k
8

ω−k =
K
∑

k=0

Zk · wi, where yi 6= k
9

ε←k = ω+

k + T−k − ω
−

k10

ε→k = ω−k + T+

k − ω
+

k11

if Ef
k < Min(ε←k , ε

→

k ) then12

Ef
k = Min(ε←k , ε

→

k )13

t1f
k = xi, GetBestErrorDirection(ε←k , ε

→

k )14

∀k, re-initialize T+

k , T−k with respect to t1f
k15

∀k, compute Zk16

foreach value xi to xn do17

foreach class k to K do18

if (t1f
k is ← ∧ xi < t1f

k) ∨ (t1f
k is → ∧ xi > t1f

k) then19

ω+

k =
K
∑

k=0

Zk · wi, where yi = k
20

ω−k =
K
∑

k=0

Zk · wi, where yi 6= k
21

if t1f
k is ← then22

ε→k = ω−k + T+

k − ω
+

k23

else24

ε←k = ω+

k + T−k − ω
−

k25

if Ef
k < V alid(ε←k , ε

→

k ) then26

Ef
k = V alid(ε←k , ε

→

k )27

t2f
k = xi28

return f = Min(Ef)29
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overlapping bins, where each bin jk represents a bin that is associated with a single

class label. The weak learner proceeds by first sorting the feature vector ~x. The learner

then traverses ~x, searching for K optimal thresholds tk for each class with an associated

direction. At each potential threshold point xi, the error is calculated K times for each

class. However, the error is calculated with respect to a binary distribution, where an

even sum of weights is assigned to both the positive and the negative sets. In effect, the

error calculation reduces to a form of one-against-all training. The first traversal of ~x is

sufficient to generate K optimal threshold values with respect to a binary distribution for

each class, together with their directions. Algorithm 11 details these steps.

An additional traversal of ~x is necessary to generate a bound on the first threshold

so that bins and partitions can be created. This bound is referred to as a secondary

threshold and it represents an optimal threshold with respect to the first threshold, being

based on the error of the binary distribution. Each secondary threshold must lie within

the value range that corresponds to the direction of the first threshold. The direction of

the secondary threshold needs to be opposite to the direction of the first threshold so that

a coherent partition of a class can be created (Figure 7.2).

Each partition jk is assigned a confidence value based on its accuracy. The average

error rate of all partitions defines the overall error rate for the given hypothesis and a given

feature. Predictions for samples on overlapping partitions is awarded to the partition with

the highest confidence.

Given a total pool of F features, for each feature vector ~xf the weak learner executes

a quicksort function which is of order O(Nlog(N)) for N samples and traverses the vector

~xf twice. This results in a total number of iterations amounting to

F (Nlog(N) + 2N) (7.5)

which can be expressed in terms of complexity without the linear component as

O(FNlog(N)) (7.6)

Under usual conditions, the size of the training samples therefore dominates the complex-

ity; however, exceptions can occur when training images using Haar-like features, whose

total feature space can be in excess of 200,000 features.

7.3 Experiment Design

Experiments were performed using the above cascading algorithm, combined with the

domain-partitioning (DP) weak-learner and AdaBoost.M15[44] for multiclass nodes, while

Discrete AdaBoost and decision stumps were used for auxiliary nodes. The experiments

were conducted on 18 multiclass datasets from the UCI machine learning repository. The

dataset attributes are described in Chapter 3.2. The combination of the two is henceforth

referred to as the cascaded.DP algorithm. AdaBoost.OC, ECC and M2 were implemented

in C to compare with the proposed algorithm.

5AdaBoost.M1 is identical to Discrete AdaBoost and differs only in that it is able to handle multiple
classes. Its only point of difference is in the evaluation of the ensemble, whereby the class label with the
maximum sum of weighted votes becomes the predicted label.
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Figure 7.2: An example of the proposed multiclass weak learner selecting the best features
on the first 8 boosting iterations of the Pendigit dataset from left to right.
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The justification for selecting AdaBoost.OC and AdaBoost.M2 for comparisons is be-

cause they have been shown to clearly perform better than other contending methods

like naive ECOC and Bagging in experiments carried out by Schapire [140]. Experi-

ments on similar datasets by Jin and Zhang [72] also indicated a stronger performance

by AdaBoost.OC over ECOC methods. Both AdaBoost.OC and AdaBoost.ECC are still

widely used [133] and AdaBoost.ECC has been until recently a subject of research and

extension [154]. In addition, the experimental results from Li [86] have shown that the

performance strength of AdaBoost.ECC is greater than OAO and OAA approaches which

would also have been suitable candidates for comparisons. In addition, Guruswami and

Sahai [58] claim that AdaBoost.ECC is both theoretically and experimentally superior

than AdaBoost.OC.

For datasets with both training and test sets, experiments were executed ten times;

otherwise, 10-fold cross-validation was employed in conjunction with 10 training repeti-

tions for a total of 100 runs. All results were averaged and in the presence of randomness,

standard error was reported. Four different cascaded.DP classifiers were trained for each

dataset. These classifiers were trained with different parameter settings for the value Φ

that determines the maximum number of weak classifiers per multiclass node. The value

for Φ was set to 5, 10, 25 and 50. The training terminated once a layer for each class label

was constructed.

For a fair comparative analysis, ECC, OC and M2 classifiers were also trained using

weak inducers in the form of decision stumps. The terminating condition for these algo-

rithms was a predetermined maximum number of boosting iterations. This upper limit

was in line with experiments in [35, 86] and is shown alongside the test error rates in the

results section6.

The AdaBoost.M2 algorithm requires that the entire search space of all possible com-

binations of class labels be examined for all feature types at every boosting iteration in

order to find the lowest pseudoloss combination. Thus, the complexity of an exhaustive

search becomes F × 2k, where F is the number of features and k is the number of class

labels7. This is the primary performance bottleneck for AdaBoost M2; however, since the

number of class labels is usually not greater than 10, it is feasible to perform an exhaustive

search over all possible class combinations. In the case of the Letter dataset though, there

are 26 class labels which makes the comprehensive evaluation over the complete search

space unfeasible. In order to achieve practical training runtimes, the total search space of

functionally unique set combinations for the Letter dataset was minimized from the total

possible size of 33,554,431 to 1,0008 randomly sampled class combinations.

6Experiments by Schapire [140], Sun et al. [154] set the ensemble size for similar datasets to 500;
however, they used stronger inducers than the decision stumps here and so were able to achieve faster
convergences in fewer boosting rounds.

7While the exhaustive number of possible permutations is 2k, not all permutations form sets
which are functionally unique. Due to this, the total number of unique set combinations can be re-

duced. Calculating this figure becomes a combinatorial problem and can be calculated as
k!

1!(k − 1)!
+

k!

2!(k − 2)!
+, ..., +

k!

2( k
2
)!( k

2
)!

up to k
2

class labels when k is an even number. When k is odd, then the last

term is not used and the terms up to to k−1
2

class labels are summed.
8The considerable reduction of the search space was justified on the basis that a comparative training

runtime to other algorithms was required as a major component of these experiments. In addition, the
assumption was made which expected that a set of sufficiently diverse colourings would be generated, with
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For M2, a fast method for determining all plausible class label combinations was

devised using bitwise operators. Firstly, each class label was assigned a value ∀i ∈ {1..k} :

(yi, i). Each value j → 2k was then cast into an unsigned integer value. The component

bits {1..k} of the unsigned value j1..k were then associated with (yi, i) labels. These could

then be efficiently extracted at each iteration through a shift operator. The plausible set

µt was constructed consisting of class labels y where the bit values ji..k → (yi, i) and the

bit ji = 1.

The same basic approach was used to determine the colouring µt for AdaBoost.OC

and ECC with slight modifications. Schapire [140] showed that the size of the colouring

set µt needs to be k
2 . This time an array ~a was generated consisting of n ∈ {1..2k}

possible number of integer values, whose number of positive bits equaled k
2 . In the case

that there was an odd number of class labels, then the value with positive bits k
2 + 1 was

selected. At training, a new random number jn was generated at each boosting round

which determined the colouring and from which k
2 number of class labels were extracted

as before.

It was not straightforward devising a fair and a completely accurate method for com-

paring the training and execution runtimes of cascaded and their associated single-layer

classifiers. This was so since both runtimes are directly affected by the size of a classifier’s

ensemble and the point on their receiver operating curves (ROC) that they are being com-

pared to. In the case of cascaded.DP classifiers, the ensemble size is not predetermined

prior to training, while for the single-layer classifiers it is, since very low training errors on

complex datasets with weak learners are often hard to attain. Since determining the op-

timal criterion for halting the training of single-layer classifiers is subjective, it challenges

the validity of comparing classifiers only on their absolute training and execution run-

times and gives an occasion to unfairly prejudice the runtime performance of the control

algorithms if their predetermined ensemble size is unnecessarily large.

Consequently, two values were used to provide a balanced comparison between the

pairs of classifiers. One value reports a factor by which one algorithm trains or executes

a single weak classifier faster than the other. This figure provides fairness to single-layer

algorithms which could have been trained with fewer boosting iterations in order to attain

a comparable generalization. The second value provides the same kind of comparison,

however this time from the perspective of the entire classifier in order to provide a balanced

view. Therefore, conclusive statements about which algorithm performs more efficiently

will only be warranted if a superior performance is measured on both metrics.

7.3.1 Multiclass Cascade Implementation

The final layer-nodes and auxiliary nodes within each layer were implemented as binary-

class PSL cascades. The auxiliary nodes however, consisted of a truncated PSL cascade

made up of only one layer. This single layer was designed to train and detect samples in

an inverse approach in respect to positive and negative samples compared to the original.

This meant that a positive detection required an unanimous vote from all nodes.

The justification for implementing the two kinds of nodes in this approach is as follows.

Firstly, the target hit and false positive rates for each layer had to be close to zero. This

the capability of producing classifiers that are adequately accurate and representative of the M2 algorithm.



7.4. Results 113

was determined since one of the drawbacks of ensemble cascades is that errors in preceding

layers propagate to succeeding ones [10]. This means that a false positive detection at any

point in a cascade cannot be rectified by latter layers and consequently the accuracy can

be expected to suffer.

The auxiliary nodes were not implemented as complete cascades since a zero training

training error rate was unnecessary. As mentioned earlier, the primary goal of auxiliary

nodes was to attain negligibly low false positive rates in respect to the class label that is

assigned to a multiclass node, while high hit rates were secondary. Since one limitation of

AdaBoost is its ability to only minimize a quantity related to the total classification error

[175] instead of explicitly being able to minimize either the false positive or false negative

rates, a truncated PSL-cascade was required with an explicit ability to minimize the false

positive detections.

Secondly, this PSL like principles were used to implement these nodes instead of mono-

lithic ensembles because it has been shown [156] that the naive approach requires much

greater ensembles to reach the specified targets. There is also no guarantee that a con-

vergence to these targets would occur, while the penalty is protracted runtimes and an

inflated ensemble.

7.4 Results

The analysis of the experiments is divided into three parts. The training phase examines

the convergence patterns, runtime durations and test accuracy in respect to training run-

times. The following section focuses primarily on the generalization characteristics of the

classifiers while the subsequent section analyzes the execution runtime properties9.

7.4.1 Training Phase

Figure 7.3 shows training convergence patterns from a selection of datasets. These figures

represent the typical trends observed across all datasets, while the remaining graphs are

located in Appendix C.1. Past research has already theoretically and empirically shown

that boosting algorithms exponentially reduce the upper bound on the training error

[45] and this decrease is seen in the figures for the M2, OC and ECC algorithms. In

comparison to the cascaded.DP classifiers, the first observation is that the exponential

rate of decrease in the training error by the control algorithms is not matched by the

cascaded.DP classifiers in the initial boosting rounds. The fastest convergence rates are

in most cases recorded by the ECC algorithm and followed by the OC and M2 algorithms.

The training convergence graphs in Figure 7.4, exemplify an additional trend which

recurs on a number of datasets. On these datasets, though the cascaded.DP classifiers

still require a higher initial costs for lowering the training error, they are able to catch up

to the control algorithms. In some cases the cascaded classifiers attain zero training error

rates at significantly lower costs in boosting iterations than the OC and M2 algorithms,

while convergence rates for the latter algorithms notably slow down in the convergence

and are unable to attain the same training error rates.

9Parts of this research have been published in [161].
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Figure 7.3: Training error convergence graphs for the Pendigit, Letter, Optdigits and
Robot Navigation datasets.

Although, the training error is typically an optimistically biased measure of a classi-

fier’s generalization ability, in the majority of cases the cascaded classifiers attained a zero

training error that was only matched by ECC classifiers. Very low training error rates

can sometimes serve as evidence of over-training leading to over-fitting and memorizing

dataset patterns [134]. However, this is unlikely to be the case with the cascaded.DP

classifiers for two reasons. Firstly, because of its ’separate-and-conqueror’ approach, low

training error can always be expected due to continuous reductions of the problem. Sec-

ondly, because the dataset is altered after each node, the learning task changes. Combined

with a weak inducer, this leaves a narrow window of opportunity for the memorization of

patterns to occur.

The low training error rates of the cascaded classifiers are often achieved while gen-

erating significantly smaller ensembles than those of OC and M2 classifiers. This was

observed on Vowel, Segmentation, Vehicle, Glass, Iris and Factors datasets. However,

there are domains on which the cascaded classifiers are susceptible to generating more

complex ensembles than all the control algorithms. This was seen in Pendigit, Letter,

Satimage, Optdigits, Yeast and Morphological datasets. The general characteristics of

the latter group of datasets reveals that they comprise a comparatively larger number of

class labels. Since the number of class labels within a dataset determines the total number
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Figure 7.4: Training error convergence graphs for the Segmentation, Vehicle, Iris and
Fourier datasets.

of layers for cascaded classifiers, this can be taken as evidence that cascaded classifiers are

prone to producing larger ensembles with increasing numbers of class labels.

There is no consistent pattern amongst the cascaded classifiers allowing for definitive

statements to be made as to what value of Φ yields best convergences. There is evidence

that on datasets with larger class label numbers, the cascaded classifiers with larger node

sizes generate more complex ensembles. This can be seen in Letter, Pendigit, Vowel and

Optdigit datasets which range from 10 to 26 class labels. However, Factor, Fourier and

Morphological datasets also comprise 10 class labels but fail to indicate that large node

sizes necessarily generate overly complex ensembles.

All control algorithms produced monotonic convergence graphs testifying to their ef-

fective and efficient learning abilities. Slight non-monotonic patterns were observed by

cascaded classifiers on Pendigit, Satimage, Vowel and Shuttle datasets. On these datasets,

some cascaded classifiers underwent several phases of increasing training error rates before

eventually resuming a reduction of the overall training error.

The periodic non-monotonic phases can be attributed to the separate-and-conquer

process which focuses learning and refining a classifier for a single class label at a time.

Occasionally, while the error improves for a selected class label for a given layer, the

intermediate overall training error for the remaining class labels may increase due to some
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class boundary configurations and may consequently be higher than that of the previous

layers. Therefore the learning of a specific class label can become overshadowed by the

total training error of the remaining classes and can thus not be accurately reflected by

the total error figures.

Training Runtimes

The comparative classifier training runtime-performances are recorded in Table 7.110. The

table presents the factor by which the cascaded.DP classifiers have generated classifiers

faster than the control algorithms on each dataset. The overall trends are summarized

using the arithmetic mean and the standard deviation as well as the geometric mean.

Arguably, in this instance the geometric mean provides a more meaningful value since the

data is ratio-scale and due to the ability of the geometric mean to act as a more accurate

measure of location when the data are highly skewed to the right [193].

The pairwise comparisons in the table indicate that:

1. The contrast between the runtimes of the cascaded.DP and M2 classifiers is imme-

diately noticeable. The factor by which the cascaded algorithm generates classifiers

faster than M2 ranges up to thousand-fold increases on datasets that are large in

respect to class label numbers such as Letter, Pendigits, Optdigits and Vowel. The

slow execution runtimes of M2 are not surprising because it learns a weak classifier

for every possible permutation of class combinations at each boosting round and

retains only the one with the lowest pseudo loss error.

2. The cascaded.DP algorithm has also consistently generated faster training runtimes

than OC and ECC on both the absolute runtimes per ensemble and on the per weak-

classifier metric. Of the two algorithms, faster training runtimes were recorded by

ECC over OC in part due to the fact that the ECC omits calculating the pseudo

error at each boosting step of learning and thus has a lower overhead.

3. The summary of each table in the form of the arithmetic and the geometric means

indicates that the average rate by which the cascaded.DP classifiers outperform the

control algorithms lessens with the increase in the training parameter Φ. This is

expected as will be shown by later figures, because higher values of Φ result in

the generation of significantly larger ensembles for the cascaded.DP classifiers. For

classifiers with largers values of Φ, the consequence is that a much greater portion

of the ensemble becomes composed of multiclass rather than binary stump weak

classifiers, which are more computationally intensive to compute.

4. For Φ = 25, the performances of some cascaded.DP classifiers are reduced close

to parity in respect to ECC and OC classifier runtimes. On the Glass dataset, the

10For Iris, Factors, Robot Navigation, Waveform, Waveform Noise Pageblocks and Shuttle datasets,
possible objections can be raised regarding the predetermined total size of the ensemble that was set
for the control algorithms. It can be claimed that in some instances only small improvements in their
convergences occur after a certain number of boosting rounds and therefore the total size of the ensembles
could have been smaller since additional training prejudices the training and the execution runtimes of
these algorithms. However, some of these datasets consists of biased-class distributions, for which the total
training error metric does not adequately convey improvements for the minority classes. In addition, even
once the zero training error has been achieved, continued boosting training has been shown to not lead to
overtraining but to instead often result in an improved generalization.
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ECC algorithm records faster performances on both the comparisons of ensemble-to-

ensemble training runtimes and weak-classifier-to-weak-classifier runtimes. On the

remaining datasets such as Letter, Fourier and Waveform Noise, though the training

runtimes of the ECC were slightly faster than the cascaded.DP in comparing the

entire ensemble runtimes, this was in each case balanced out by the faster generation

of each weak classifier by the cascaded.DP algorithm.

5. At Φ = 50, the clear performance advantage of the cascaded classifiers over the OC

and ECC disappears though the overall averages are still comparable and slightly

favourable on some metrics towards the cascaded classifiers. The datasets on which

the control algorithms clearly outperform the cascaded algorithm by registering

faster rates on both metrics, are the Vowel, Optdigits, Glass and Fourier.
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Figure 7.5: The effect on training runtimes with the increase in Φ on the cascade multiclass
algorithm.

Figure 7.5 examines in more detail the training runtimes of the cascaded algorithm.

In these figures the relationship between the node sizes and the training runtimes is

highlighted. The relationship between these two variables can generally be summarized

as being linear, with the classifiers trained on the Waveform dataset being an exception.

The rates of increase in the runtimes vary significantly between datasets. While the

training runtimes are only moderately affected by increasing node sizes for the Iris, Glass,
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Waveform and Waveform Noise datasets; a much greater effect on the training runtimes

is observable on the Satimage, Shuttle, Letter and Optdigit datasets. It can be seen from

Table 3.2 that the classifiers which record the strongest rates of increase tend to have a

larger number of both class labels and features in a dataset11.

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 0.8

 0.9

 1

 1  10  100  1000  10000  100000  1e+06

T
e
s
t 
E

rr
o
r 

(P
ro

p
o
rt

io
n
)

Training runtime in seconds (±10%) scale log(x)

Test error as a function of training runtime 
 LETTER

Learning Method:
Cascaded.DP Φ=5

Cascaded.DP Φ=10
Cascaded.DP Φ=25
Cascaded.DP Φ=50

AdaBoost.M2
AdaBoost.OC

AdaBoost.ECC

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 1  10  100  1000  10000
T

e
s
t 
E

rr
o
r 

(P
ro

p
o
rt

io
n
)

Training runtime in seconds (±10%) scale log(x)

Test error as a function of training runtime 
 PENDIGIT

Learning Method:
Cascaded.DP Φ=5

Cascaded.DP Φ=10
Cascaded.DP Φ=25
Cascaded.DP Φ=50

AdaBoost.M2
AdaBoost.OC

AdaBoost.ECC

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 1  10  100  1000  10000

T
e
s
t 
E

rr
o
r 

(P
ro

p
o
rt

io
n
)

Training runtime in Seconds (±10%) scale log(x)

Test error as a function of training runtime 
 SATIMAGE

Learning Method:
Cascaded.DP Φ=5

Cascaded.DP Φ=10
Cascaded.DP Φ=25
Cascaded.DP Φ=50

AdaBoost.M2
AdaBoost.OC

AdaBoost.ECC

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 0.8

 0.9

 1  10  100  1000  10000  100000  1e+06

T
e
s
t 
E

rr
o
r 

(P
ro

p
o
rt

io
n
)

Training runtime in seconds (±10%) scale log(x)

Test error as a function of training runtime 
 OPTDIGIT 

Learning Method:
Cascaded.DP Φ=5

Cascaded.DP Φ=10
Cascaded.DP Φ=25
Cascaded.DP Φ=50

AdaBoost.M2
AdaBoost.OC

AdaBoost.ECC

 0

 0.2

 0.4

 0.6

 0.8

 1

 0.1  1  10  100  1000

T
e
s
t 
E

rr
o
r 

(P
ro

p
o
rt

io
n
)

Training runtime in seconds (±10%) scale log(x)

Test error as a function of training runtime 
 SEGMENTATION

Learning Method:
Cascaded.DP Φ=5

Cascaded.DP Φ=10
Cascaded.DP Φ=25
Cascaded.DP Φ=50

AdaBoost.M2
AdaBoost.OC

AdaBoost.ECC

 0

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 0.1  1  10  100  1000

T
e
s
t 
E

rr
o
r 

(P
ro

p
o
rt

io
n
)

Training runtime in seconds (±10%) scale log(x)

Test error as a function of training runtime 
 ROBOT NAVIGATION

Learning Method:
Cascaded.DP Φ=5

Cascaded.DP Φ=10
Cascaded.DP Φ=25
Cascaded.DP Φ=50

AdaBoost.M2
AdaBoost.OC

AdaBoost.ECC

Figure 7.6: Classifier accuracy on test data as a function of training runtime.

11Attempts were made to fit a function to the data from all sets and to show that there is a strong
correlation between these variables and the training runtimes. Though these variables bear the strongest
influence on the runtimes, the efforts did not yield fruit as there are other hidden variables that also
influence the rate of increase in the runtimes as the node complexity increases. These variables are the
size of the datasets as well as the complexity and the separateness of the classes. While the first is already
quantified, the second is not straightforward to quantify.
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It can also be observed from the error bars in the figures that some datasets show

considerably larger variations in training runtimes. This is because for some datasets, a

test set was provided while for others, the 10-fold cross validation approach was used. All

classifiers trained on datasets using 10-fold cross validation exhibited a more pronounced

variation as the error bars show, which represents the sensitivity of runtimes to the 10

datasets composed of different sample distributions and class boundaries. The smaller

variation of other classifiers reflects more the actual sensitivity of the measurements for

the runtimes, since the dataset was the same on each run.

Finally, the efficiency of the training phases is now considered from the perspective

of attained accuracy as a function of the training runtime. This can be seen in Figure

7.6, which plots on the x-axis the cost as training runtime on a logarithmic scale and

the achieved accuracy on unseen data on the y-axis. A selection of results from various

datasets is shown while the remainder is located in the Appendix C.2.

Graphs for the Satimage, Optdigit and Segmentation datasets are overwhelmingly

representative of the overall trends seen across all 18 datasets. The ECC algorithm con-

sistently produced the best test error results for the cost represented as the training

runtime. This was followed by the OC algorithm which did not match the ECC general-

ization ability in the initial stages, but was however able to catch up in the latter stages

of training.

Both algorithms in the same manner dominated the cascaded classifiers in the initial

stages, but the cascaded classifiers likewise demonstrated their ability to match the test

error rates of ECC and OC in the latter stages. This pattern was observed on the Satim-

age, Vowel, Segmentation, Vehicle, Glass and Robot Navigation datasets where at least

one of the cascaded classifiers eventually achieved some of the lowest test error rates. The

results from the Letter dataset were of significant interest. This particular dataset com-

prises of the largest number of class labels and training samples. The cascaded algorithm

generated an inordinate number of weak classifiers on this problem set; however, the cas-

caded classifiers with the smallest value of Φ produced the best generalization results for

a given training runtime cost.

Amongst the cascaded classifiers themselves, a clear pattern emerged which indicated

that the classifiers with smaller values of Φ dominated the performances of the classifiers

with larger nodes. It was also observable that that there was no obvious correlation

between larger node sizes and higher accuracy rates for cascaded classifiers.

There are two reasons why the ECC and OC classifiers have displayed the tendency

to produce a stronger classifier generalization in the initial rounds of training. The first is

that both algorithms focus equally on learning all class labels at each boosting round. By

dichotomizing the problem into plausible sets, they are able to construct the columns of the

error-correcting coding-matrix at each round, which enables the differentiation between

all classes in a stepwise manner. The cascaded method refines the learning problem into

smaller sub-tasks. In doing so, the cascaded method instead focuses on correctly learning

one class label at a time and uses considerable resources to refine the classification for

one class label. This results initially in lower generalization rates. However, as seen from

most curves describing the generalization patterns of the cascaded classifiers, they rapidly

decrease the error rates particularly in the latter phases, since the learning task becomes

increasing simpler. The patterns for the OC and ECC classifiers on the other hand slow
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down and plateau in the latter stages, since further refinement of the decision boundaries

between class labels becomes increasingly difficult for these algorithms.

On the other hand, the M2 algorithm consistently demonstrated higher training run-

time costs than all the other classifiers for a given accuracy. The high computational

complexity became even more evident on datasets containing 10 or more class labels

as seen on Letter, Pendigit, Vowel, Optdigit, Factors, Fourier, Yeast and Morphological

datasets. On these sets, the equivalent accuracy measure required training runtimes that

were often at least an order of magnitude longer than those of OC and ECC.

7.4.2 Generalization

The generalization patterns for classifiers on unseen data from a selection of datasets are

shown in Figure 7.7. These figures encapsulate the main trends, while the remaining

graphs can be found in Appendix C.3. The figure plots the overall test error rates as a

function of the number of weak classifiers executed in an ensemble for each dataset.
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Figure 7.7: Test error convergence graphs.

These figures closely resemble the patterns of the training phases from Figures 7.5 in

a number of respects. Firstly, the dominance of the ECC, OC and M2 classifiers over the

cascaded classifiers in the early phases is repeated. This occurs almost without exception

across all datasets. In the overwhelming majority of datasets, the ECC classifiers produce

faster convergences to their optimal generalization rates than the OC classifiers. The
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Factors, Vehicle and Optdigit datasets represent these patterns. This is in line with the

research findings of its authors [58]. However, ECC has not always attained the best

generalization results over OC as show on the Yeast dataset. This is also finds support in

the findings of [154].

In respect to the generalization of the cascaded classifiers, the results across the 18

datasets have shown three main patterns:

1. The cascaded classifiers frequently generated smaller ensembles than the control

algorithms and have succeeded in most cases to match their accuracies. This was

observed in 7
18 of the cases. The results from the Vehicle dataset are representative

of such patterns.

2. The cascaded classifiers produced considerably larger ensembles than the control

algorithms. In the majority of these cases, even with larger ensembles, the cascaded

classifiers did not record accuracy rates that matched those of the control algorithms.

This occurred in 6
18 of the datasets. The graphs for the Yeast and Optdigits datasets

are representative of these patterns.

3. In 4
18 of the cases which are represented by the Factors dataset, the cascaded clas-

sifiers produced smaller ensembles than the control algorithms but were, however,

unable to match the generalization of the control algorithms in general.

The point on which the test error graphs Figures 7.7 and the training error graphs to

a large extent do not agree is found in the discrepancy between the final error rates of the

respective graphs. As mentioned previously in the training phase analysis section, most

cascade classifiers achieved a zero training error rate. However, in many cases the final

test error rates were well above the zero training error. Although, the training error is

always a more optimistic measure of a classifier’s final generalization rate; the expected

test error is usually anticipated to be in the vicinity of the final training error rate. This

pattern can be observed between the training and error rates of the OC and M2 classifiers

which did not achieve a zero training error as often as ECC. Usually the magnitude of

this discrepancy indicates the degree to which the learning algorithm has over-fitted or

memorized the data.

Nonetheless, when observing the test error curves of the cascaded classifiers, there is a

lack of evidence to suggest that overfitting has taken place. Although there are non mono-

tonic patterns found in some cascaded classifiers, particularly on the Pendigit, Satimage,

and Morphological datasets, the final test error rates always finish with figures that were

lower than the point at which non-monotonic and seemingly over-fitting behaviour begun.

Balanced Class-distribution Datasets

While the graphs in Figures 7.4 and 7.6 are useful for shedding light on the runtime

and complexity characteristics of classifiers, ultimately none of these measures are of any

importance if the final accuracy of a classifier is poor. Table 7.2 records the accuracy of

all classifiers on datasets with unbiased class distributions.

The table lists two accuracy measures. The first is the overall error as a proportion

of all classifications, together with the average standard error. The second measure is the
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g-mean which takes into consideration the accuracy of a classifier on each class label and

produces a value from 0 to 1 that signifies a balanced accuracy measure across all class

labels. On class-balanced datasets, this measure is expected to closely reflect the test error

figures. The table also lists the sizes or complexities of the final classifiers. Simpler classi-

fiers are always preferred. For classifiers with similar accuracies, this attribute can provide

information that indicates which algorithm might be preferable in that domain. The table

highlights in boldface the classifiers which attain best accuracies for both measures and

also highlights classifiers that simultaneously generate smallest ensembles.

Table 7.2: Accuracy results of all classifiers on datasets with uniform class distributions.
Total error results on test sets represented as proportions with the average standard errors
where applicable. G-mean values are also listed as well as the total size of the ensembles
in parentheses.

Multiclass Cascaded OC ECC M2

Dataset Measure Node Size Φ

5 10 25 50

letter test error 0.137 0.139 0.142 0.150 0.242 0.302 0.306
±0.002 0.±008

G-mean 0.860 0.860 0.857 0.849 0.753 0.429 0.685
ensemble size 81578 78956 86918 94711 4000 4000 4000

pendigits test error 0.067 0.071 0.067 0.053 0.067 0.050 0.160
±0.001 ±0.002

G-mean 0.928 0.927 0.932 0.946 0.933 0.950 0.914
ensemble size 4157 3722 4715 5085 2000 2000 2000

vowel test error 0.616 0.541 0.735 0.688 0.552 0.568 0.57
±0.006 ±0.01

G-mean 0.359 0.431 0.230 0.280 0.421 0.386 0.390
ensemble size 1109 1368 2085 3419 2000 2000 2000

optdigits test error 0.104 0.108 0.081 0.103 0.055 0.048 0.072
±0.001 ±0.002

G-mean 0.880 0.891 0.92 0.894 0.944 0.951 0.93
ensemble size 2374 2249 2817 4089 2000 2000 2000

segmentation test error 0.055 0.039 0.051 0.046 0.032 0.030 0.058
±0.008 ±0.005 ±0.007 ±0.004 ±0.012 ±0.008 ±0.013

G-mean 0.935 0.956 0.954 0.953 0.969 0.969 0.940
ensemble size 814 978 1297 1513 2000 2000 2000

vehicle test error 0.30 0.25 0.260 0.270 0.252 0.24 0.38
±0.02 ±0.02 ±0.009 ±0.01 ±0.04 ±0.03 ±0.03

G-mean 0.664 0.729 0.711 0.700 0.720 0.732 0.574
ensemble size 721 787 809 976 2000 2000 2000

iris test error 0.07 0.08 0.09 0.05 0.06 0.07 0.05
±0.02 ±0.02 ±0.02 ±0.02 ±0.04 ±0.04 ±0.05

G-mean 0.925 0.918 0.912 0.946 0.935 0.932 0.945
ensemble size 50 65 123 228 500 500 500

factors test error 0.08 0.07 0.07 0.08 0.026 0.023 0.04
±0.01 ±0.01 ±0.01 ±0.01 ±0.008 ±0.005 ±0.01

G-mean 0.916 0.926 0.931 0.917 0.974 0.977 0.960
ensemble size 772 977 1604 2664 2000 2000 2000

fourier test error 0.24 0.24 0.24 0.25 0.18 0.19 0.19
±0.03 ±0.02 ±0.02 ±0.02 ±0.02 ±0.02 ±0.02

G-mean 0.745 0.740 0.740 0.733 0.806 0.797 0.799
ensemble size 1980 2183 2611 3619 2000 2000 2000

waveform test error 0.19 0.192 0.19 0.18 0.145 0.18 0.18
±0.01 ±0.009 ±0.01 ±0.01 ±0.008 ±0.01 ±0.01

G-mean 0.786 0.778 0.798 0.805 0.855 0.819 0.820
ensemble size 1339 1469 1477 1566 2000 2000 2000

waveform noise test error 0.18 0.19 0.18 0.19 0.14 0.174 0.18
±0.01 ±0.01 ±0.02 ±0.01 ±0.01 ±0.007 ±0.01

G-mean 0.800 0.796 0.810 0.799 0.856 0.825 0.816
ensemble size 1030 1050 1056 1061 2000 2000 2000

morphological test error 0.35 0.35 0.34 0.36 0.29 0.33 0.29
±0.02 ±0.03 ±0.02 ±0.02 ±0.03 ±0.03 ±0.03

G-mean 0.584 0.593 0.611 0.583 0.671 0.617 0.670
ensemble size 6663 6857 7266 8376 2000 2000 2000

Mean Ranks Mean Test Error Rank 4.83 4.63 4.75 4.46 2.17 2.33 4.33

Mean G-mean Rank 5.38 4.67 4.58 2.83 2.29 2.58 3.83

The table shows that on 4 out of the 12 datasets, at least one of the cascaded classifiers



124 Chapter 7. Multiclass PSL

attained the lowest test error rates while generating simpler ensembles than the control

algorithms on 3 of these. As expected, the g-mean measures were also in agreement with

the overall error rates. The ECC algorithm produced the best generalizations on five of the

12 datasets. The OC scored the best test errors on four datasets as did the cascaded.DP

classifiers, while the M2 classifiers did not achieve a first rank on any dataset.

The results from Table 7.2 regarding the cascaded classifiers also suggest that there

is no strong correlation between the node parameter Φ and the observed generalization

rates. As the value of Φ increases, there are no noticeable trends on the classifier ac-

curacy, implying that there is a degree of randomness taking place. This is explained

because cascaded classifiers construct different class label orderings within the cascades

with different values of Φ. As a result, each ordering generates different distributions and

class boundaries that vary in their separability and consequently affect the overall test

error rates.

The final rows of the table summarize the generalization performances of all algorithms

by comparing the mean ranks of the test errors and the g-means. Though this measure

is informative and was used in all subsequent accuracy comparisons; arguably it is also

less fair towards the cascaded classifiers because it individualizes the performances of the

cascaded classifiers with different node sizes and does not present their collective accuracy.

However, the measure is useful in determining whether there is a relationship between node

sizes and improved accuracy.

The best mean ranks for the test error are achieved by the OC and ECC algorithms

respectively with very little to differentiate between them. They are then followed by

the M2 and closely by the cascaded classifiers. The Friedman test was once again used

to determine if the attained averages were significantly different from the expected mean

rank of 4. The calculated values for the statistical analysis are presented in Table 7.3.

Table 7.3: Results of the Friedman and Iman-Davenport tests with the critical differences
based on the Nemenyi test for analyzing the mean ranks of the accuracy results from
Table 7.2.

Friedman
Value χ2

F

Value in χ2(6)
Iman-
Davenport
Value FF

Value in FF (6,66)
Nemenyi Test
Critical Difference

α ≤ 0.1 α ≤ 0.025 α ≤ 0.1 α ≤ 0.05 α ≤ 0.025 α ≤ 0.1 α ≤ 0.05

test error 10.56 10.645 - 1.89 1.86 - - 2.375 2.601

G-mean 14.598 10.645 14.449 2.797 1.86 2.24 2.63 2.375 2.601

The value for the Friedman statistic was calculated as χ2
F = 10.56 . The critical

value for χ2(6) at the significance level of α ≤ 0.1 is 10.645. The Friedman statistic fell

just under the critical value which indicates that there is insufficient statistical evidence

to conclude that the mean ranks differ from one another using this test. However, the

less conservative Iman-Davenport [68] test produced the statistic FF = 1.89, which being

distributed according to the F-distribution with k−1 and (k−1)(N−1) degrees of freedom,

yielded the value of FF (6, 66) = 1.86 at α ≤ 0.1. Based on this, the null-hypothesis could

be rejected with there being enough evidence to suggest that differences between the

algorithms does exist.

By proceeding to the Nemenyi test in order to calculate the CD, the value arrived at
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for the α ≤ 0.1 significance level is 2.375. From this the following conclusions are drawn:

1. The cascaded algorithm with parameters Φ = 5, 10, 25 has performed significantly

worse than the OC algorithm.

2. The ECC algorithm also performed significantly better than the cascaded algorithm

with parameters Φ = 5, 25.

With respect to the mean ranks based on the g-mean accuracies, the performance of

the M2 and the cascaded classifiers with larger values of Φ improved. The mean rank of

the cascaded classifiers with Φ = 50 was comparable to the ECC and OC classifiers on

this more balanced metric.

The Friedman statistic χ2
F for the g-mean ranks was calculated as 14.598 and the

corresponding critical value for χ2(6) and α ≤ 0.025 significance level is 14.449. This

suggested that once again there was sufficient evidence to conclude that the algorithms

are different based in the g-mean ranks. The CD value arrived at for the Nemenyi test

for α ≤ 0.05 was 2.601. From this the only conclusion could be drawn was that the OC

algorithm performed significantly better than the cascaded algorithm with Φ = 5. At a

lower significance level of α ≤ 0.1, it could be stated that the same conclusion holds for

the OC algorithm over the cascaded algorithm with Φ = 10.

Unbalanced Class-distribution Datasets

Up to this point, 12 datasets were grouped together and analyzed for accuracy. The

remaining six datasets involved skewed class distributions which required more in-depth

analysis and thus were grouped together. In addition to the test error and g-mean, the

F-value test was used. The F-value combines both the precision and recall properties of

a classifier in relation to its performance on each class label. The F-value breaks down

the accuracy analysis of a classifier to the level of its generalization ability on each class

label. The F-value yields a measurement that ranges from 0 to 1 for each class label to

indicate the strength of its accuracy.

Research has shown that training on classed-biased distributions of themselves does not

necessarily imply that the generalization ability of a classifier will be compromised [62, 71].

Instead, the findings indicate that skewed distributions exacerbate certain characteristics

within the training sets that eventuates in a deterioration of the final accuracies. Based on

these findings, results from the six datasets showed that on five of these the generalization

of classifiers on some minority classes was clearly compromised, while on one (Robot

Navigation) dataset this was not as clearly evident.

Table 7.4 displays the generalization results from the datasets with skewed class dis-

tributions. The primary point of reference were the g-mean results, though they are also

listed by the test error rates for completeness. The total sizes of the ensembles was in

addition displayed alongside the results. The summary of the table in the form of mean

ranks indicated that the overall accuracy of the cascaded classifiers in respect to the con-

trol algorithms has improved. The ECC classifiers achieved the best mean ranks while

being succeeded by the cascaded classifiers for Φ = {25, 50}. The lowest overall accuracies

were attained by the M2 classifiers and the cascaded classifiers with the smallest node

sizes.
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Results of particular interest are found on the Yeast datasets where the OC ans M2

classifiers failed to generate a valid g-mean value due to their registering zero accuracy

for at least one class label with in the dataset. Meanwhile, all the cascaded and the ECC

classifies successfully all class labels on this dataset. Despite their better generalization,

the cascaded classifiers once again produced overly complex ensembles on this dataset.

This was due to the datasets consisting of a larger number of class labels.

Table 7.4: Accuracy on datasets with biased class distributions. The g-mean is the pri-
mary assessment metric though the overall error in proportions, together with the mean
deviation is also listed. The ensemble size and the summary of the table in the form of
mean ranks, based on the g-mean, is also provided.

Multiclass Cascaded OC ECC M2

Dataset Measure Node Size Φ

5 10 25 50

satimage G-mean 0.827 0.83 0.839 0.841 0.837 0.839 0.8

test error 0.152 0.145 0.139 0.147 0.134 0.138 0.182
- - - - ±0.001 ±0.003 -

ensemble size 2621 2608 2760 2745 2000 2000 2000

shuttle G-mean 0.937 0.949 0.798 0.808 0.989 0.989 0.973

test error 0.0004 0.0003 0.0005 0.0004 0.00007 0.00007 0.0006
- - - - - - -

ensemble size 327 437 726 1206 2000 2000 2000

glass G-mean 0.591 0.667 0.602 0.562 0.451 0.649 0.429

test error 0.28 0.32 0.30 0.33 0.32 0.28 0.34
±0.03 ±0.03 ±0.03 ±0.01 ±0.09 ±0.08 ±0.09

ensemble size 309 360 592 985 500 500 500

pageblocks G-mean 0.714 0.727 0.749 0.766 0.778 0.809 0.652

test error 0.039 0.040 0.039 0.036 0.030 0.031 0.040
±0.003 ±0.005 ±0.009 ±0.007 ±0.004 ±0.004 ±0.004

ensemble size 1579 1851 2015 2269 2000 2000 2000

robot navigation G-mean 0.969 0.978 0.980 0.981 0.994 0.996 0.994

test error 0.022 0.012 0.014 0.014 0.003 0.002 0.003
±0.008 ±0.004 ±0.004 ±0.005 ±0.002 ±0.001 ±0.002

ensemble size 585 560 651 799 2000 2000 2000

yeast G-mean 0.345 0.34 0.377 0.344 - 0.331 -

test error 0.494 0.491 0.491 0.506 0.41 0.49 0.42
±0.005 ±0.004 ±0.004 ±0.005 ±0.04 ±0.03 ±0.04

ensemble size 7386 7359 8344 9770 2000 2000 2000

Mean Ranks(G-mean) 5 4.17 3.67 3.67 3.75 2.25 5.33

The results from the F-values on the Yeast dataset in Table 7.5 reveal that the OC

and M2 neglected to learn as classes seven and nine. In contrast, the cascaded and the

ECC classifiers produced some correct detections on these classes. Although the scores

were low for both algorithms on class label seven, they were comparatively higher for the

cascaded classifiers, particularly on class nine. On three of the four remaining minority

class labels which experienced a deteriorating accuracy, OC edged ahead of the cascaded

classifiers, while M2 scored highest F-values on class eight.

The ability of the cascaded classifiers to focus learning on the minority class labels was

also repeated on the Glass dataset in Table 7.6. The F-measure indicates that there was a

notable drop in accuracy for the minority classes (types 3, 4, 5) compared to the majority

classes. In each case, the cascaded classifiers generated F-values that were higher than
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Table 7.5: F-value results for each class on the Yeast dataset.

Measure Class Cascaded.DP OC ECC M2

Type Distr. 5 10 25 50

0 16.4% 0.491 0.454 0.549 0.480 0.586 0.514 0.591
1 28.9% 0.483 0.473 0.483 0.481 0.565 0.494 0.561
2 31.2% 0.514 0.508 0.510 0.486 0.573 0.508 0.563
3 • 3.0% 0.621 0.575 0.591 0.621 0.679 0.546 0.667

F-Value 4 • 2.4% 0.441 0.529 0.522 0.400 0.590 0.387 0.526
5 • 3.4% 0.333 0.356 0.314 0.216 0.374 0.336 0.351
6 11.0% 0.693 0.699 0.669 0.742 0.799 0.723 0.801
7 • 2.0% 0.033 0.033 0.067 0.033 0.000 0.031 0.000
8 • 1.3% 0.250 0.200 0.250 0.400 0.173 0.380 0.429
9 • 0.3% 0.400 0.400 0.400 0.400 0.000 0.297 0.000

those of the control classifiers. A particularly strong decrease is seen in the minority class

3, on which the cascaded classifiers preserved comparatively high accuracy rates.

Table 7.6: F-value results for each class on the Glass dataset.

Measure Class Cascaded.DP OC ECC M2

Type Distr. 5 10 25 50

0 13.6% 0.807 0.759 0.828 0.828 0.839 0.914 0.887
1 32.7% 0.786 0.729 0.714 0.686 0.720 0.724 0.696

F-Value 2 35.5% 0.776 0.645 0.763 0.737 0.703 0.726 0.656
3• 7.9% 0.294 0.412 0.412 0.294 0.105 0.314 0.087
4• 4.2% 0.778 0.778 0.556 0.556 0.472 0.766 0.659
5• 6.1% 0.385 0.769 0.462 0.462 0.635 0.688 0.434

On the Page blocks dataset in Table 7.7, the results were somewhat reversed. Here, the

dataset is dominated by one large majority class (type 1) with four considerably smaller

classes making up the rest. None of the cascaded classifiers registered the highest F-value

scores, instead both the OC and the ECC classifiers produced the best accuracies.

Table 7.7: F-value results for each class on the Page Blocks dataset.

Measure Class Cascaded.DP OC ECC M2

Type Distr. 5 10 25 50

0 • 2.1% 0.535 0.533 0.574 0.670 0.673 0.695 0.528
1 89.77% 0.985 0.984 0.984 0.985 0.985 0.984 0.980

F-Value 2 • 6.01% 0.845 0.826 0.846 0.851 0.884 0.879 0.825
3 • 0.51% 0.607 0.643 0.714 0.714 0.724 0.785 0.565
4 • 1.61% 0.697 0.751 0.697 0.663 0.883 0.835 0.869

In order to complete the analysis of the generalization patterns, statistical tests were

performed on the g-mean ranks from Table 7.4. The relevant statistical values and sig-

nificance levels of this analysis are summarized in Table 7.8. By applying the Friedman

test to the mean ranks, the resulting value was χ2
F = 6.196. The corresponding critical

value for χ2(6) and α ≤ 0.1 significance level was calculated as 10.645. This implied
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that the null-hypothesis could not be rejected. Iman-Davenport’s more powerful variant

of the Friedman’s test produces the value FF = 1.04. The associated critical value for

FF (6, 30) and the significance level of α ≤ 0.1 was 1.98. The outcome of this was that

the null-hypothesis had to be accepted once again. Though the average ranks in the table

provided a fair comparison by themselves, the results from both statistical tests however,

this not warrant making conclusions suggesting that the differences between the mean

ranks are of a significant level.

Table 7.8: Statistical test results for classifier accuracies on skewed-distribution datasets.

Friedman
Value χ2

F

Value in χ2(6) Iman-Davenport
Value FF

Value in FF (6,30) Nemenyi Test
Critical Difference

α ≤ 0.1 α ≤ 0.05 α ≤ 0.1 α ≤ 0.05 α ≤ 0.1 α ≤ 0.05

6.196 10.645 12.592 1.04 1.98 2.42 - -

7.4.3 Runtime Phase

The evaluation of the execution runtimes mirrored the approach taken to analyze the

training runtimes by using the pairwise comparison. The first value reports a factor by

which the cascaded.DP classifiers execute a single weak classifier faster than the control

algorithm, while the second value takes runtime on the entire ensemble into account.

Table 7.9 presents this execution runtime comparisons for each value of Φ. The summary

of each section of the table is provided in the form of means and standard deviations as

well as the geometric mean.

The pairwise comparisons in the table indicate that:

1. The cascaded.DP classifiers displayed a faster mean execution runtime than the

control algorithms across all training parameters Φ.

2. The cascaded classifiers failed to produce faster runtimes only on the Letter dataset

because the cascaded classifiers generated overly complex ensembles.

3. The largest performance gains by the cascaded.DP classifiers were achieved over the

runtimes of the ECC, OC and M2 classifiers respectively.

4. The performance gains of the cascaded.DP classifiers over the control algorithms

decreased as the training parameter value Φ increased. This patterns was also ob-

served for training runtimes. As Φ approached the size of 25, performance parity

with control algorithms on some datasets with larger numbers of class labels was

observed as seen on Pendigits, Vowel and Optdigits.

5. Although at Φ = 50, the cascaded.DP classifiers were still faster on average than

the control algorithms, the large performance gains seen on lower values of Φ for the

most part disappeared.
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The key to the efficient execution of the cascaded classifiers lies in the structuring and

the multiple exit points within an ensemble. As a result, most layers are only exposed to

partial execution even if the target class label for a particular candidate instance is assigned

to the last layer. Moreover, as a candidate sample propagates through a cascade, the size

of the layers also decrease in size thus further limiting the execution time. Table 7.11a

and Table 7.11b are provided in order to demonstrate the composition of the cascaded

classifiers in respect to the total number of binary and multiclass weak classifiers, and the

mean proportion of classifiers executed per dataset. The last column list the execution

runtimes.

The average proportion of all weak classifiers executed per dataset varies, but in the

majority of cases, the table shows that less than half of the ensembles is evaluated per

sample. Some of the least efficient proportions are found on the Shuttle dataset, in which

up to 75% of the ensemble undergoes evaluation. The most efficient figures are found with

the Letter dataset, where the best performances required 11% of the total ensemble to be

evaluated.

The mean total number of multiclass weak classifiers executed per samples is less

variable and tends to be within the 40%-60% percent range. An exception to this occurs

on the Shuttle dataset, where up to 87% of the multiclass weak classifiers are executed.

This scenario can take place only on datasets with high class distribution skews, combined

with a cascade ordering in which the majority class labels are assigned to final layers of

the total cascade.

The total number of multiclass weak classifiers increases linearly with the size of the

nodes, while the total number of binary weak classifiers remains largely the same and

appears to be uncorrelated to the size of the nodes. The increase in runtimes for the

classifiers as the nodes sizes increase can therefore be attributed to the higher expense of

evaluating the multiclass weak classifiers. A linear relationship between the increase in

the size of the multiclass nodes and the execution runtimes can be observed on a number

of datasets in Figure 7.8.
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Figure 7.8: Multiclass cascade classifier execution runtimes from a selection of datasets.

Binary weak classifiers significantly outnumber the multiclass weak classifiers on each

dataset. Despite this, their overall effect on the runtimes is minimal since a considerably
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smaller proportion of the binary weak classifiers is executed per sample than that of the

multiclass weak classifiers and due to their low computational complexity.

The values for the composition of the cascaded classifiers on the Letter dataset stand

out in particular, due to the massive dimensions of the resulting ensembles. Perhaps these

figures demonstrate the best and some of the limitations of the cascaded structure and

specifically its inability to produce compact ensembles on datasets with large class labels.

Although the complexity of the final classifiers has been shown to be extremely high of up

to a factor of 10, the training and the execution runtimes however have been comparable.

At least for the cascade.DP (Φ = 5, 10) classifiers, both their training and execution

runtimes as a measure of complexity were lower than those of the control classifiers.

7.5 Discussion and General Evaluation

Multiclass Weak Learner:

The proposed multiclass weak-learner has experimentally demonstrated that it has met

the requirements of low computational overheads and sufficient discriminative strength

to complement the stepwise decomposition strategy of the multicultural cascade. How-

ever, the simple domain-partitioning weak learner alone in combination with non-cascaded

AdaBoost.M1 is unlikely to guarantee to be able to always satisfy the training error con-

straints of boosting, which require them to be below 50%. Given the weakness of the

inducer, its scalability to datasets with very large numbers of class labels possessing lim-

ited feature spaces is questionable, even in a cascaded setting. In these instances, there is

a high likelihood of such datasets containing complex and overlapping class distributions.

The ability of this inducer to sufficiently separate class labels at initial layers to the degree

in which it is of practical use may be difficult to realize.

Complexity:

From the perspective of implementation, the multiclass cascade is not straightforward to

program and requires a greater effort than implementing the OC, ECC or M2 algorithms.

There are many more steps involved in implementing the cascaded framework and it lacks

the simplicity and elegance of implementation that the control algorithms possess. How-

ever, when the training runtimes are considered as a measure of computational complexity,

the extra implementation effort is worthwhile. This is accentuated on larger datasets and

especially in comparison to the runtimes of M2 in the presence of many class labels. The

faster training runtimes can be considered an advantage, especially in machine learning

domains found in industry which require frequent on-the-spot training of classifiers for

customized problems.

Occam’s razor provides a guideline that deems less complex solutions to a problem

more preferable if their respective accuracies are comparable to the alternatives. Based

on this, the research has shown that there are numerous occasions where the control

algorithms produced comparable accuracies to the cascade classifiers, for considerably

smaller ensembles. The exponential decrease of the upper bound on the training error for

the control algorithms translated to similar generalization patterns that were not often

matched by the cascaded classifiers in terms of cost.
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One reason why successful separate-and-conquer algorithms like RIPPER achieve effi-

ciency is due to their learning approach which selects a class label to learn a priori, which

is followed by rules that successively refine the classification accuracy for the chosen class

label. A source of inefficiency of the multiclass cascade algorithm which can result in com-

plex classifiers lies in the reverse approach that it takes to learn in respect to RIPPER. In

effect, the multiclass cascade algorithm proceeds with a goal that states “at each point,

select and refine the classification accuracy for a class label which will not be selected as

the final target class label for the current layer”. It is the refining of the classification for

a given non-target class label in the form of binary nodes, that often results in complex

final classifiers. This is especially true on large datasets where the initial accuracy of the

multiclass weak learner is not high.

The fact that the cascaded framework is susceptible to producing more complex solu-

tions than the control algorithms is also offset by the reduced complexity of its execution

phase. While the final classifier is frequently more complex on datasets with many class

albels, the runtime execution of it has been shown to be consistently more efficient. The

experiments have demonstrated that the more complex solutions have also resulted in more

discerning classifiers, that have built-in exit points which ensure that only small propor-

tions of its ensemble are evaluated. As such, the cascaded classifiers are more suitable

towards high performance systems which process dense data streams in real-time.

Generalization:

The generalization results of the cascaded classifiers have demonstrated that on average

and for given Φ parameter settings, they are capable of producing results that are as good

as those of the control algorithms used in this research. The data revealed that there was

a considerable degree of variance between the results of cascaded classifiers with different

values of Φ. The results showed that there was no definitive correlation between the

complexity of the node sizes and the overall accuracy of a classifier on any one dataset.

The results did point to some increase in accuracy with more complex nodes on average

across all datasets; however, these results were not statistically significant.

The fact that the complexity of the nodes did not strongly correlate with the gen-

eralization ability of a classifier was also not surprising given the observations made by

Dong et al. [32], Lorena et al. [94] regarding nested hierarchies with which the cascaded

framework bears some resemblance. The similarities between nested hierarchies and the

cascaded algorithm lie in that both approaches decompose the learning process and the

final classifier into a tree-like structure where the branching is based on classes rather than

on individual instances. The findings indicate that different orderings can strongly alter

the accuracy of a classifier, while the optimal ordering of such a structure is in most cases

not feasible to search exhaustively [32].

Ensemble Diversity:

The diversity of an ensemble is the first key principle in ensemble-based learning. The

cascaded structure ensures that a high degree of diversity occurs through the process of

constructing a degenerate tree structure, both within a layer as well is from one layer to

the next. The effect of this on the diversity is to ensure that at every stage of training, the
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combination of class labels being learned is different. The ever changing class distribu-

tions at every point of training explicitly maximizes the ensemble diversity, since unique

information regarding class boundaries is learned.

Ensemble Vote-Combination:

The second key principle of ensemble based learning is the manner in which the individual

votes of the weak classifiers are combined in order to formulate a prediction. The current

strategy of combining votes is disjointed and naive. Currently, as a sample propagates

within a layer from one node to the next, no past information is retained and used for

subsequent evaluation. Likewise, as a sample propagates from one layer to the next, the

successive layers are not aware of how a sample performed previously and what votes it

received from different nodes.

At training, each node is assessed for its error rate and based on this it is assigned

an overall confidence value; however, this confidence value is not currently made use of.

Since each node encodes unique information about the class relationships, the final cascade

classifier with all the nodes can be visualized as a confidence map. Consequently, as a

sample traverses through a cascade, it collects information regarding nodes, its associated

class labels and confidences that it has been positively classified on. This information,

currently not utilized, can arguably be combined in a meaningful way that improves

classification accuracy. Therefore, there is plenty of scope in future work for experimenting

with more complex vote combination schemes.

Scalability:

The cascaded framework is scalable to large datasets; however, the scalability does not

extend to large numbers of classes. There are limits to the total number of class labels

within a dataset for which the cascaded structure is well suited. The Letter dataset with 26

class labels has demonstrated the upper limits of this range. As class numbers increase,

the size of the cascaded classifier grows both horizontally within each layer, as well as

vertically in respect to the number of cascade layers. As a result, both the training and

the execution runtimes become more expensive. The experiments have shown that this

can be offset to a degree by limiting the size of the multiclass nodes; but this is not likely

to have sufficient influence on datasets with very large numbers of class labels.

A solution to the problem of scaling to datasets with many class labels is to convert

the current cascade structure into a balanced tree in which each child node represents a

cascade layer made up of multiclass nodes. Research into structuring ensembles into tree-

like structures and nested hierarchies has already been explored with promising results

[32, 42, 131].

Given that classifiers with large nodes do not scale well to problem sets with many

class labels, the cascaded classifiers can be altered to handle variable node sizes at different

layers. Alternatively, the cascaded algorithm can also be redesigned in a way so it removes

instances belonging to more than just one class label from each step of node training. The

effect of this would translate to significantly smaller overall ensembles and reductions

in training runtimes. Consequently, the current cascading structure that is a form of a

degenerate tree would become less restrained and arguably more efficient [42].
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Interpretability:

Boosted ensemble-classifiers by their very nature are difficult to interperet. Their lack of

interpretability becomes more acute with an increase in the size of the ensemble. In a

conventional boosted ensemble it is also not possible to identify subsets of weak classifiers

which are responsible for the classificfation of any one class label or pattern. However,

though the components of a multiclass cascaded classifier are not easily interpretable;

subsets of classifiers which are responsible for classifiying any given class label or pattern

can be directly identified amd examined.

As a result, the ability exists to query the learning algorithm in order to determine

exactly what samples were used at any one point in the training process for building

decision boundaries. Likewise, the evaluation of each sample can be traced back to the

path it has traversed in the cascaded structure; thus, identifying all nodes and layers that

have contributed to a decision. This enables the reasoning of a classifier’s decision to be

clear and due to this, weaknesses in its ensemble can also be identified.

Stability:

The stability of the cascaded structure is also very high. In contrast to OC and ECC algo-

rithms which randomly select set colourings and consequently produce different classifiers

on identical datasets, the cascaded classifier is deterministic and will always produce the

same classifiers given the same data. In instances when different batches of data from the

same dataset are learned, the research has also showed that the level of stability is very

high. The evidence for this can be seen in Table 7.2, where the training using the 10-fold

cross-validation, generated mean standard error rates which were often lower than those

produced by the control algorithms.

Usability:

Given that machine learning is an iterative process; it is therefore necessary for any

learning algorithm to possess adjustable parameters that are comprehensible and easy to

tune. Based on this, the cascaded structure can be described as being very usable. The

primary adjustable parameter is the size of the multiclass nodes. It is both straightforward

to understand and has been shown in the experiments to possess the ability to heavily

influence the training and execution runtimes, as well as the generalization ability of a

classifier.

Flexibility:

The cascaded framework is also flexible since each node is inducer-independent. The

proposed weak learner can be substituted with any other multiclass learner, including the

more powerful tree induction algorithms, when the dataset complexity becomes too high

for the proposed inducer. This will however result in a considerable increase in training

runtimes.

One alternative strategy is to replace the proposed learner with a decision stump

threshold, and AdaBoost.M1 likewise with a multiclass version such as OC, ECC or M2.

The advantage of this approach would be a simplified and faster learner and a boosting
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algorithm that has proven bounds and is guaranteed to converge. The combination of

these algorithms with the cascaded framework will be the subject of future research.

The flexibility also extends to the vote combination strategy and as such, the cascaded

algorithm is combiner-independent. Previously, it was discussed how the current ensemble

vote-combining method is simplistic and functions solely on accept/reject decisions to

traverse the cascade. The structure is in place to enable the cascaded classifier to function

also with a variety of more complex vote-combining strategies.

Adaptability:

The multiclass cascaded approach was originally conceived with the goal of it being ex-

tended into operating domains where continuous adaptability to changing environments

is required. As discussed in Chapter 6, the need for machine learning approaches to go

beyond static training and runtime capabilities and into dynamic and adaptable learning

structures is becoming increasingly relevant. This has been made evident through the

increasing trends towards long life classifier systems and applications in evolving environ-

ments. The dynamic environments of this kind, render segments of previously learned

information useless, while introducing new patterns and sometimes even new class labels.

Potential exists for extending the multiclass cascade in such a way that the outputs

from all the nodes from each layer are combined in such a way that they become inputs

to a meta learning algorithm in the form of a continuous and thus adaptable stacked gen-

eralization [185]. The matrix of nodes can be perceived as a confidence map. As a sample

propagates through the cascade, a vector of class labels and associated confidences based

on its prediction can be generated. This feature vector could potentially encode useful

information regarding relationships between class labels and how they change over time.

Given an appropriate algorithm, this information can theoretically be used for efficiently

learning concept drifts without explicitly training or altering the cascade structure.

Given a scenario in which the existing multiclass classifier is exposed to instances of a

previously unlearned class label in an evolving detection domain; the adaptability of the

cascade is realizable without altering the existing layers. In this the integration of the

new class label is theoretically achievable by training a new layer for a given class label

using a batch learning mechanism. Upon completion, the new layer can be appended to

the beginning of a cascade, so that it is set as the initial layer. Provided that this layer is

trained with a sufficient number of samples representing all existing class labels, there is

no reason to believe that an additional layer would adversely affect the original portions

of the cascade.

7.6 Summary

In this chapter, a unique cascaded training algorithm for multiclass ensemble-based prob-

lems was presented, together with an accompanying new weak learning method. Complex

inducers for large multiclass learning problems tend to be expensive computationally with

protracted training runtimes. Using 18 UCI datasets, the research demonstrated how a

simple weak learner can be combined with a multiclass separate-and-conquer strategy in-

volving a combination of multiclass and binary learning in order to realize arbitrarily low

training errors.
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The cascaded framework was compared against well established control algorithms:

AdaBoost.OC, AdaBoost.ECC and AdaBoost.M2. Based on the experiments, the findings

are as follows:

1. The combination of the proposed cascaded multiclass-cascade algorithm and the

domain-partitioning weak learner is an effective strategy for producing classifiers.

2. The strategy of a stepwise decomposition of a multiclass learning problem into more

manageable learning subtasks reduces the training complexity and shortens training

runtimes.

3. The proposed algorithm does not exponentially decrease the upper bound on the

training error like the control algorithms. Therefore, the control algorithms reach

lower training errors for a smaller cost in the initial boosting rounds.

4. The tunable parameter Φ for determining the complexity of the multiclass nodes has

a strong influence on the classifier accuracy, training and execution runtimes.

5. Smaller values of Φ result in less complex ensembles and thus shorter training and

execution runtimes

6. Higher ensemble complexity does not guarantee that generalization will improve

on a given dataset; however, there is evidence that on average, the accuracy does

improve as the node sizes increase.

7. On balanced datasets, there were no statistically significant differences between the

cascaded and control algorithms using the test error as the primary metric for com-

paring mean ranks. However, on the g-mean metric, there was evidence to indicate

that the accuracy of cascaded classifiers trained with smaller values of Φ exhibited

compromised generalization rates.

8. For unbalanced-class datasets there was no statistical difference between the mean

ranks of the cascaded and the control algorithms using the g-mean as the general-

ization metric.

9. The cascade framework in its current form is not scalable to datasets with large

numbers of class labels.

10. The cascaded classifiers consistently produce faster execution runtimes since only a

fraction of the total ensemble is evaluated per sample.
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Chapter 8

Decomposing Existing Monolithic

Multiclass Boosters into Cascades

The previous chapter demonstrated the ability of the multiclass cascading algorithm to

efficiently produce accurate classifiers by using the proposed domain-partitioning weak-

learner as its underlying inducer. The algorithm showed that it was capable of achieving

this with reduced runtimes and it also demonstrated that its classifiers were enabled for

rapid execution. The results indicated that the control single-layered algorithms consis-

tently displayed a better cost/benefit ratio in respect to the generalization for each round

of boosting in the initial rounds as well as a stronger generalizations on certain datasets.

The shortcomings of the single-layer algorithms was seen in their runtimes for training

and detection phases. It is a weakness which can be expected to become magnified in

high volume datasets and in setting where expensive feature types are employed. For this

reason, classifiers produced by these algorithms may not be suitable for many types of

time-critical domains.

8.1 Motivation

The purpose of this chapter is to make a contribution towards enabling existing single-layer

multiclass algorithms becoming capable of producing classifiers for time-critical domains.

The research proposes combining the multiclass cascading method from Chapter 7 with

the single-layered single-layer multiclass algorithms AdaBoost.OC, AdaBoost.ECC and

AdaBoost.M2. The fusion of these methods is proposed on the basis of substitution

the current combination of the domain-partitioning weak learner and AdaBoost.M1 with

the combination of the decision stumps and one of the single-layered multiclass boosting

algorithms. The questions being asked are:

• Does the multiclass meta-learning cascading framework posses the ability to be

generic by being able to incorporate other learning algorithms instead of the domain-

partitioning weak learner?

• How does replacing the domain-partitioning weak learning with OC, ECC and M2

affect the training and execution runtimes as well as the overall generalization ability

of the resulting classifiers?
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• What are the effects on efficiency and effectiveness of single-layered OC, ECC and

M2 when they are converted into cascaded classifiers?

8.2 Converting Single-Layered Multiclass Algorithms to Cas-

cades

The procedure for combining OC, ECC and M2 with the cascaded framework is relatively

straightforward due to the fact that all multiclass nodes are independent. The implication

is that each round of boosting within a multiclass node is unaware of the learning in the

preceding nodes. Because of this, each multiclass boosting algorithm is implemented

as a stand-alone single-layered procedure with each node, without being fundamentally

altered. As such, the main point of departure for OC, ECC and M2 in their cascaded

implementation is that all sample weights are reset to a uniform distribution for each node.

This enables the algorithms to easily handle the removal of class labels and instances

from one node to the next as well as from each succeeding cascade layer. Secondly, in the

process of building a cascade, once the number of remaining unlearned class-labels has

been reduced to two, the multiclass boosting algorithms are no longer applicable. Instead,

Discrete binary-class AdaBoost is applied.

Lastly, an additional modification was necessary for ECOC-based boosting algorithms

like OC and ECC that concerns the manner in which the colouring sets are chosen. Recall

that ECOC methods construct coding matrices for class label resolution at each boosting

iteration t (Algorithms 3 - 4). This is accomplished by reducing the problem into a binary

learning task in which all classes are relabeled based on a colouring scheme µt at each

iteration t, that is µt(yi) ∈ {0, 1}. The randomly selected colouring scheme is crucial since

it determines the value Ut from the distribution D̃t as in

Ut =

m
∑

i=1

∑

ℓ∈Y

D̃t(i, ℓ)Jµt(yi) 6= µt(ℓ)K. (8.1)

The quantity Ut is important since it determines the strength of the class-resolution ca-

pability of µt and therefore the goal is to maximize this value [140]. The problem arises

within OC and ECC in choosing an effective colouring scheme after each new node is

trained since some classes become partially and sometimes completely removed from the

layer training. This can result in a ineffective values of Ut being generated if changes in

class distributions are not factored in. Without a strategy of mitigating this, the risk of

generating increasingly suboptimal values of Ut can be expected to become more likely

with each additional new node.

In order to ensure that the colouring scheme for selecting µ favours constructing the

coding matrix that emphasizes the resolution between class labels which have not yet been

learned by a layer, straightforward modification to the generation of the colouring function

of Schapire [140] was devised. The adopted approach involves the following steps: (1) Two

sets S1 and S2 containing class labels are created. S1 is populated with all current layer

class labels which have not been learned and assigned to a node. S2 is populated with

the remaining class labels which have already been assigned to node. (2) Beginning with

S1, class labels are selected from it randomly without replacement and assigned to µ with
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an alternating colouring until there are no more samples left in S1. This ensures that an

even split of unlearned labels is realized and the most effective value Ut is achieved. (3)

The previous step is repeated for all class labels in S2.

8.3 Experiment design

Single-layered AdaBoost.OC, AdaBoost.ECC and AdaBoost.M2 classifiers from Chapter

7 were used as control classifiers. The cascading procedure was applied to each of the

control algorithms, thus generating three additional classifiers. These are referred to as

cascaded.OC, cascaded.ECC and cascaded.M2. For consistency with the previous chapter,

each control algorithm was trained with node parameters where Φ = { 5, 10, 25, 50}.

However, for brevity only cascaded classifiers with Φ = 10 are presented here for analysis.

Classifiers with Φ = 10 were selected over others due to the empirical results which

indicated that cascaded classifiers with Φ = 10 displayed arguably the best trade-off

between training/execution runtimes and the overall accuracy. For completeness, the

accuracy and performance results of an equivalent classifier using the domain-partitioning

weak learner with Φ = 10 from the previous chapter were also used for comparative

analysis with the new cascaded classifiers1. The remaining training procedures, parameters

and datasets were equivalent to those outlined in Chapter 7.3.

8.4 Results

Training Phase

Table 8.1 lists the comprehensive account of the training runtime-performances of each

algorithm across all datasets. For clarity, instead of absolute values, the table reports the

speed-up factors in training runtimes of cascaded classifiers over their associated single-

layer equivalents that are in line with the approach taken in the previous chapter. The

overall trends are summarized using the mean, standard deviationa and the geometric

mean. The geometric mean was considered as being more meaningful since the data is

ratio-scale and due to the ability of the geometric mean to act as a measure of location

when the data are highly skewed to the right [193].

The table shows that on every dataset, the cascaded algorithm trained classifiers faster

than their single-layered equivalents both on the absolute runtimes per ensemble and on

the per weak-classifier metric. An exception occurred once however, on the Letter dataset

comparing the cascaded.DP classifier and the ECC classifier, where the ECC algorithm

recorded 20% faster absolute runtimes for the entire ensemble. The more relevant figures

concerning the cascaded OC, ECC and M2, demonstrate that the training runtimes have

been accelerated between 5-23 times over their single-layered implementations. The factor

of speed-up was the largest for the cascaded.M2 classifiers over the conventional M2.

The selected training convergence graphs in Figure 8.1 summarize the general pat-

terns seen across all classifiers2. The graphs are consistent with those in the previous

chapter. Almost without exception across all the datasets in these experiments, the cas-

caded classifiers were not able to keep up with the control algorithms round-for-round.

1Parts of this research have been submitted for publication [162].
2Convergence patterns across all datasets are located in Appendix D.
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Table 8.1: The factor of speed-up in the training runtimes between the cascaded and the
single-layer algorithms.

cascaded.ECC cascaded.OC cascaded.M2 cascaded.DP cascaded.DP cascaded.DP
vs ECC OC vs M2 vs ECC vs OC vs M2

Dataset weak per weak per weak per weak per weak per weak per
clsf. ens. clsf. ens. clsf. ens. clsf. ens. clsf. ens. clsf. ens.

letter 23.4 1.6 15.2 2.1 27.9 2.2 15.4 0.8 23.1 1.2 21073.6 1067.6
pendigits 8.1 5.2 9.8 6.2 30.3 18.5 5.6 3.0 7.7 4.1 7600.9 4084.3
satimage 5.3 5.6 5.5 5.6 46.4 42.0 4.5 3.5 5.2 4.0 481.3 369.1
vowel 4.0 7.2 5.8 9.8 8.5 15.9 2.0 3.0 3.0 4.4 4800.6 7018.4
optdigits 6.2 6.1 6.2 5.9 19.0 17.1 3.1 2.8 3.6 3.2 5890.2 5238.0
segmentation 5.0 14.7 6.1 17.3 12.7 32.8 3.3 6.7 4.3 8.9 580.1 1186.2
vehicle 3.8 12.3 4.4 13.3 17.0 48.5 2.9 7.4 3.5 9.0 52.0 132.1
glass 2.7 3.8 3.7 4.3 10.9 11.5 1.4 2.0 2.1 2.9 123.1 171.0
iris 1.6 17.1 2.5 26.2 5.5 61.5 1.3 10.2 2.0 15.3 15.9 122.7
factors 3.5 8.2 3.6 8.1 14.4 29.5 1.4 2.9 1.6 3.2 2882.0 5899.7
fourier 4.7 6.7 5.1 6.8 11.1 15.5 2.0 1.8 2.3 2.1 3676.6 3368.4
robot navigation 3.3 16.3 3.3 15.2 16.1 48.7 4.5 9.1 5.5 11.1 84.0 170.0
waveform 2.6 4.5 2.9 4.8 16.3 30.0 3.6 4.9 4.2 5.7 27.7 37.8
waveform noise 2.5 6.3 2.7 6.0 14.7 37.8 3.2 6.1 3.5 6.6 24.2 46.1
yeast 6.3 1.5 8.4 2.0 53.4 15.6 6.3 1.7 9.5 2.6 6581.6 1788.7
morphological 9.4 3.4 14.9 5.2 57.6 18.4 5.8 1.7 10.2 3.0 6136.7 1789.9
pageblocks 2.9 3.5 2.7 3.3 24.4 43.3 3.5 3.8 5.0 5.4 129.3 139.8
shuttle 2.2 6.7 3.1 10.6 14.5 38.7 1.6 7.3 2.2 10.1 280.9 1285.4

Mean 5.4 7.3 5.9 8.5 22.3 29.3 4.0 4.4 5.5 5.7 3357.8 1884.2
Std. Dev. 4.9 4.7 3.9 6.2 15.4 15.9 3.2 2.8 5.1 3.8 5202.7 2255.5
Geometric Mean 4.31 5.89 4.99 6.81 18.36 23.84 3.22 3.55 4.25 4.68 603.61 665.63

This observation was true, especially in the initial training rounds. The graphs for Fourier

and Waveform Noise datasets are representative of 66% of the instances in which the cas-

caded algorithms were able to catch up to the convergence rates of the control algorithms

and tended to exceed their final training errors very rapidly. In the remaining 33% of the

instances that are exemplified by the Pendigit and Morphological datasets, the cascaded

algorithms were not capable of producing classifiers which were able to catch up to the

control classifiers at any point during their convergences, though they often attained zero

training error at some later point in contrast to the control algorithms.

Once again, the slower convergence patterns of the cascaded classifiers are attributed

to the extra weak-classifiers being generated by the framework at the points when the

learning is focusing on separating one class at a time from the rest. Therefore, the cost

of improvement in correctly classifying one class label is not reflected in overall test error

rates. The second contributing factor was the re-starting of the boosting process afresh

after each node and layer. This resulted in an under-utilization of previously learned

information that affects the speed of learning.

In comparison to the control algorithms, the cascaded classifiers displayed convergence

rates that were occasionally non-monotonic in nature. This was observed most frequently

in the cascaded.M2 classifiers which also displayed the greatest degree of non-monotonic

behaviour as well. Of the four cascaded algorithms, cascaded.DP classifiers generally

produced the fastest convergence patterns. They tended to be followed by cascaded.OC,

cascaded.ECC and cascaded.M2 classifiers respectively.

Lastly, Figure 8.2 once again depicts a subset of graphs from all the datasets in which

the efficiency of the training phase in terms of the total error rate as a function of the

training runtime was analyzed. On the x-axis, the cost as the training runtime is plotted

on a logarithmic scale. The y-axis plots the accuracy on unseen data for all classifiers

and across all datasets. The overall results have not greatly diverged from those in the
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Figure 8.1: Training error convergence graphs.

previous chapter on the cost and efficiency of the cascaded algorithm. The control al-

gorithms dominated the cascaded algorithms in the initial phases. However, the overall

results can be summarized as falling into one of two categories; the first displaying pat-

terns where the cascaded classifiers successfully caught up to their respective single-layer

algorithms and coming close to parity, while the second category describes an outright

stronger generalization and lower cost throughout.

The first category represents some 66% of the datasets. The Vehicle and Pendigit

datasets exemplify these trends. The Letter dataset is of particular interest since this is

arguably the most difficult dataset as it comprises of the largest number of class labels and

samples. On this dataset, the cascaded classifiers outperformed the single layer classifiers

even though they generated overwhelmingly larger ensembles.

The Optdigit, Factor and Fourier datasets typify the trends of around 33% of the

datasets on which the cascaded classifiers were unable to produce the same training run-

time efficiency as well as the final generalization rates as their single-layer equivalents. As

expected, the training runtime costs of cascaded.M2 classifiers were greater than those of

the other cascaded classifiers. However, comparing it with the original M2 implementa-

tion reveals that substantially lower runtime costs were required by the cascaded version

in order to attain similar accuracy rates. The convergence patterns of the cascaded.ECC

tended to be slightly more efficient than those of cascaded.OC, while the cascaded.DP
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algorithm generally produce slightly less efficient classifiers than the previous two.
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Figure 8.2: Classifier accuracy on test data as a function of training runtime.

Generalization

Table 8.2 lists classifier accuracies on datasets with balanced class distributions together

with the ensemble sizes required to attain them. The best recorded accuracies between

the pairs of cascaded and single-layer classifiers are shown in boldface. The accuracies

of the cascaded.DP classifiers are in boldface if they exceed each of the OC, ECC and

M2 single-layer classifiers. All accuracies from the test error and the g-mean metrics are
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Table 8.2: Accuracy on datasets with uniform class distributions. Results are presented
as an overall error in proportions, together with the mean deviation. Additionally, the
g-mean and the ensemble size values are provided with a summary in the form of average
ranks.

Cascaded Cascaded Cascaded Cascaded
Dataset Measure ECC ECC OC OC M2 M2 DP

letter test error 0.152 0.302 0.154 0.242 0.166 0.306 0.139
±0.006 ±0.008 ±0.003 ±0.002 - - -

G-mean 0.847 0.429 0.845 0.753 0.832 0.685 0.860
ensemble size 57762 4000 58110 4000 51481 4000 78956

pendigit test error 0.071 0.050 0.071 0.067 0.084 0.160 0.071
±0.004 ±0.002 ±0.006 ±0.001 - - -

G-mean 0.929 0.950 0.928 0.933 0.915 0.914 0.927
ensemble size 3114 2000 3138 2000 3286 2000 3722

vowel test error 0.61 0.57 0.59 0.552 0.643 0.574 0.541
±0.02 ±0.02 ±0.02 ±0.006 - - -

G-mean 0.36 0.386 0.374 0.421 0.25 0.390 0.431
ensemble size 1107 2000 1176 2000 1073 2000 1368

optdigit test error 0.108 0.048 0.107 0.055 0.100 0.072 0.108
±0.005 ±0.002 ±0.008 ±0.001 - - -

G-mean 0.890 0.951 0.892 0.944 0.899 0.93 0.891
ensemble size 2043 2000 2107 2000 2228 2000 2249

segmentation test error 0.047 0.030 0.06 0.03 0.05 0.06 0.039
±0.008 ±0.008 ±0.01 ±0.01 ±0.03 ±0.01 ±0.005

G-mean 0.951 0.969 0.944 0.969 0.950 0.940 0.956
ensemble size 678 2000 709 2000 773 2000 978

vehicle test error 0.27 0.24 0.28 0.25 0.27 0.38 0.25
±0.03 ±0.03 ±0.03 ±0.04 ±0.02 ±0.03 ±0.02

G-mean 0.707 0.732 0.689 0.720 0.700 0.574 0.729
ensemble size 623 2000 669 2000 702 2000 787

iris test error 0.06 0.07 0.07 0.06 0.05 0.05 0.08
±0.04 ±0.04 ±0.05 ±0.04 ±0.04 ±0.05 ±0.02

G-mean 0.9390 0.932 0.9252 0.935 0.9458 0.9451 0.9183
ensemble size 48 500 47 500 45 500 65

factors test error 0.074 0.023 0.077 0.026 0.07 0.04 0.07
±0.006 ±0.005 ±0.005 ±0.008 ±0.01 ±0.01 ±0.01

G-mean 0.9259 0.977 0.9232 0.974 0.9256 0.960 0.9256
ensemble size 860 2000 888 2000 977 2000 977

fourier test error 0.25 0.19 0.24 0.18 0.24 0.19 0.24
±0.02 ±0.02 ±0.02 ±0.02 ±0.01 ±0.02 ±0.02

G-mean 0.7343 0.797 0.7394 0.806 0.7389 0.799 0.7397
ensemble size 1404 2000 1496 2000 1437 2000 2183

waveform test error 0.178 0.18 0.178 0.145 0.17 0.18 0.192
±0.009 ±0.01 ±0.008 ±0.008 ±0.01 ±0.01 ±0.009

G-mean 0.8222 0.819 0.8220 0.855 0.8275 0.8195 0.7781
ensemble size 1133 2000 1210 2000 1091 2000 1469

waveform noise test error 0.184 0.174 0.179 0.14 0.20 0.18 0.19
±0.009 ±0.007 ±0.009 ±0.01 ±0.02 ±0.01 ±0.01

G-mean 0.816 0.825 0.820 0.856 0.803 0.816 0.796
ensemble size 808 2000 890 2000 778 2000 1050

morphological test error 0.35 0.33 0.35 0.29 0.35 0.29 0.35
±0.02 ±0.03 ±0.02 ±0.03 ±0.03 ±0.03 ±0.03

G-mean 0.593 0.617 0.597 0.671 0.590 0.670 0.593
ensemble size 5582 2000 5741 2000 6280 2000 6857

Test Error Mean Rank 4.58 2.5 5.08 2.17 4.67 4.58 4.33
G-mean Mean Rank 4.5 2.92 4.83 2.08 4.83 4.25 4.42
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summarized as average ranks.

By considering the comparative accuracy between all algorithms, the OC algorithm

generated classifiers which displayed both the best mean rank on the both the test error

and the g-mean metrics. This was clsely followed by the ECC classifiers, while the re-

mainder of the algorithms were clearly separated from the two leading algorithms by a

sizeable margin.

It was observed from the ensemble sizes that the cascaded algorithm produced overly

complex classifiers on datasets with large numbers of class labels. This was partucularly

eccentuated on the Letter dataset which contains the largest number of class labels. To

a lesser extent, this was also observable on the Morphological and Pendigit datasets. On

datasets with small numbers of class labels, the cascaded framework generated simpler

solutions.

Statistical tests were applied to the mean ranks in order to determine if their differences

were statistically significant. Table 8.3 provides the summary of the values. Based on the

Friedman χ2
F and the Iman-Davenport FF tests, the differences between the mean ranks

for the test error were significant at a α < 0.005 and α < 0.0025 levels respectively. Based

on this, the null hypothesis was rejected which enabled the analysis to proceed with further

post-hoc tests.

Table 8.3: Results of the Friedman and Iman-Davenport tests with the critical differences
based on the Nemenyi test for analyzing the mean ranks of the accuracy results from
Table 8.2.

Friedman
Value χ2

F

Value in χ2(6)
Iman-Davenport
Value FF

Value in FF (6,66)
Nemenyi Test
Critical Difference

α ≤ 0.005 α ≤ 001 α ≤ 0.0025 α ≤ 0.001 α ≤ 0.1 α ≤ 0.05

test error 18.911 18.55 22.46 3.918 3.82 4.32 2.375 2.6

α ≤ 0.05 α ≤ 0.01 α ≤ 0.025 α ≤ 0.01 α ≤ 0.1 α ≤ 0.05

G-mean 13.857 12.59 16.812 2.622 2.61 3.09 2.375 2.60

The Nemenyi test produced a critical difference value of 2.6 for a significance level of

α < 0.05. At this level it was possible to conclude that the OC performed better than

cascaded.OC on the test error metric. In addition, at a less significant level of α < 0.1,

it was possible to show that OC was more accurate than cascaded.ECC and M2 as well,

while ECC was more accurate than cascaded.OC.

For the g-mean metric, the critical difference was sufficient to conclude that the OC

generalized better than both the cascaded.OC and cascaded.M2 at α < 0.05. At a less

significant level of α < 0.1, the accuracy of cascaded.ECC could also be included in this

conclusion. Beyond this it was not possible to come to any more conclusions with the

given test.

In order to focus solely on pairwise comparisons between the cascaded and the cor-

responding single-layered algorithms, the Wilcoxon signed-ranks test was applied to the

results from Table 8.2. For this test only the test error accuracies was used. The cas-

caded.DP classifiers were compared to each one of the single-layer classifiers.

In comparing the accuracies between the cascaded.OC and the OC classifiers, the

Wilcoxton test (Table 8.4) confirmed that the generalization of the latter was stronger
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across the 12 datasets at a significance level of α < 0.05. Meanwhile, the accuracy of ECC

was stronger than that of the cascaded.ECC at a α < 0.1 level. Regarding the remaining

pairwise comparisons, no further conclusion could be reached using this test except that

the accuracies between them were indistinguishable.

Table 8.4: Wilcoxon signed-ranks test for results from datasets with balanced class-
distributions. Statistically significant results are accompanied by a X.

Comparison R+ R- significance

Cascaded.ECC versus ECC 14 64 0.1 X

Cascaded.OC versus OC 12 66 0.05 X

Cascaded.M2 versus M2 40 38 > 0.5
Cascaded.DP versus ECC 41 37 > 0.5
Cascaded.DP versus OC 19 59 0.2
Cascaded.DP versus M2 20 58 0.2

The accuracy of the algorithms on datasets with biased-class distributions were next

considered and their results are shown in Table 8.5. The g-mean was in this case the only

reliable measure of generalization; however, the test error is also shown for completeness.

The summary of the table in the form of mean ranks showed that a change in overall trends

had occurred in comparison to the results from the unbiased-class distribution datasets.

The mean ranks indicated that the comparative performance of the cascaded algorithms

had significantly improved on the more difficult datasets. While the single-layer ECC

registered the best mean rank, it was followed by the cascaded.OC and subsequently by

the joint performances of the cascaded.M2 and OC algorithms. The change in the trends

was partially influenced by the complexity of some datasets like Yeast. On this dataset

OC and M2 were not able to produce any detections for at least one of the class labels

which meant that no meaningful g-mean values could be generated.

A detailed analysis of the generalization of the classifiers on the Yeast dataset for

each class label is shown in the form of the F-measure analysis in Table 8.6. The highest

accuracies from a pairwise comparison between the cascaded and the corresponding single-

layer algorithms are in boldface and the minority class-labels of interest are signified by

a •. The cascaded.ECC classifiers in particular demonstrated and increased ability to

focus learning minority class labels than ECC. A similar trend was observed between the

cascaded.OC and OC classifier but not to the same extent. Exceptions occurred on class

labels 3 and 5 on which OC performed better. M2 displayed a reversal to these trends

where it recorded higher accuracies on majority of the class labels over cascaded.M2.

However, both OC and M2 neglected to learn minority class labels 7 and 9 while their

cascaded version successfully generated detections for these class labels.

The F-measure results seen on the Yeast dataset generally favoured the cascaded

classifier and this was consistent with half of the biased datasets, while the remaining half

of the datasets were more favourable to the single layer classifiers of which the Satimage

in Table 8.7 is representative. On this dataset, the trends were reversed and it can be

clearly seen that both the ECC and OC classifiers have generalized better than their

cascaded equivalents. Meanwhile, the cascaded.M2 classifier displayed a slightly better
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Table 8.5: Accuracy on datasets with biased class distributions. The g-mean is the pri-
mary assessment metric though the overall error in proportions, together with the mean
deviation is also listed. The ensemble size and the summary of the table in the form of
mean ranks, based on the g-mean, is also provided.

Cascaded Cascaded Cascaded Cascaded
Dataset Measure ECC ECC OC OC M2 M2 DP

satimage G-mean 0.8316 0.8386 0.8319 0.837 0.83 0.8 0.83

test error 0.149 0.138 0.150 0.134 0.140 0.182 0.145
±0.003 0.003 0.004 0.001 - - -

ensemble size 1894 2000 1965 2000 2205 2000 2608

shuttle G-mean 0.976 0.989 0.974 0.989 1.000 0.973 0.949

test error 0.00018 0.00007 0.00021 0.00007 0.0 0.00055 0.00028
±0.00009 - ±0.00007 - - - -

ensemble size 640 2000 586 2000 749 2000 437

glass G-mean 0.536 0.649 0.603 0.451 0.533 0.429 0.667

test error 0.34 0.28 0.33 0.32 0.35 0.34 0.32
±0.07 ±0.08 ±0.10 ±0.09 ±0.08 ±0.09 ±0.03

ensemble size 351 500 424 500 474 500 360

page blocks G-mean 0.751 0.809 0.792 0.778 0.735 0.652 0.727

test error 0.038 0.031 0.037 0.030 0.040 0.040 0.040
±0.005 ±0.004 ±0.005 ±0.004 ±0.006 ±0.004 ±0.005

ensemble size 1635 2000 1637 2000 1128 2000 1851

robot navigation G-mean 0.978 0.996 0.983 0.994 0.982 0.994 0.978

test error 0.015 0.002 0.011 0.003 0.011 0.003 0.012
±0.002 ±0.001 ±0.003 ±0.002 ±0.003 ±0.002 ±0.004

ensemble size 403 2000 430 2000 663 2000 988

yeast G-mean 0.376 0.331 0.373 - 0.35 - 0.34

test error 0.49 0.49 0.50 0.41 0.49 0.42 0.491
±0.02 ±0.03 ±0.02 ±0.04 ±0.05 ±0.04 ±0.004

ensemble size 8335 2000 8614 2000 6865 2000 7359

G-mean Mean Rank 4.17 2 3.33 3.67 3.67 5.83 5

generalization pattern than M2. The remaining F-measure tables are located in Appendix

D.

By returning to Table 8.5 and to the summary of the g-mean results, the Friedman

and the Iman-Davenport statistics were calculated in order to determine if the ranks

significantly diverged from the expected mean ranks. The relevant statistical results are

shown in Table 8.8. The results of both tests revealed that there did not exist enough

evidence to reject the null hypothesis. Therefore, the null-hypothesis is accepted which

states that the mean ranks from the algorithms are sufficiently similar.

The final remaining statistical test was the Wilcoxon signed-ranks test on the g-means

results for a more detailed pairwise comparisons (Table 8.9). The outcomes of this test

enabled one conclusion to be reached. At a α < 0.1 significance level, the test found

that the cascaded implementation generalized better on the given datasets than the M2

classifiers.

Detection Runtime Phase

Table 8.10 lists the detection runtimes for all classifiers across all datasets. The results are

once again shown as a factor of speed-up that the cascaded classifiers achieved over the

single-layered classifiers. The overall results in the form of the geometric mean indicates
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Table 8.6: F-Values for the Yeast dataset. Minority classes of interest are denoted as •and
an observed accuracy improvement over the single-layer classifiers as X.

Cascaded Cascaded Cascaded Cascaded
Class Distr. ECC ECC OC OC M2 M2 DP

0 16.4 0.486 0.514 0.480 0.586 0.474 0.591 0.454
1 28.9 0.500 0.494 0.488 0.565 0.507 0.561 0.473
2 31.2 0.521 0.508 0.505 0.57 0.529 0.563 0.508
3 • 3.0 0.595 X 0.546 0.599 0.679 0.556 0.667 0.575
4 • 2.4 0.445 X 0.387 0.431 X 0.590 0.380 0.526 0.529
5 • 3.4 0.344 X 0.336 0.355 0.374 0.225 0.351 0.356
6 11.0 0.706 0.723 0.696 0.799 0.736 0.801 0.699
7 • 2.0 0.035 X 0.031 0.032 X 0.000 0.031 X 0.000 0.033
8 • 1.3 0.389 X 0.380 0.389 X 0.173 0.348 0.429 0.200
9 • 0.3 0.600 X 0.297 0.552 X 0.000 0.571 X 0.000 0.400

Table 8.7: F-Values for the Satimage dataset. Minority classes of interest are denoted as
•and an observed accuracy improvement over the single-layer classifiers as X.

Cascaded Cascaded Cascaded Cascaded
Class Distr. ECC ECC OC OC M2 M2 DP

0 24.29 0.833 0.844 0.834 0.844 0.851 0.813 0.867
1 22.37 0.965 0.978 0.971 0.974 0.965 0.957 0.975
2 • 11.23 0.952 0.970 0.952 0.971 0.963 0.964 0.931
3 21.33 0.877 0.875 0.873 0.902 0.871 0.896 0.859
4 • 10.02 0.584 0.592 0.588 0.590 0.590 X 0.515 0.573
5 • 10.76 0.842 0.860 0.832 0.840 0.853 X 0.798 0.838

Table 8.8: Results of the Friedman and Iman-Davenport tests with the critical differences
based on the Nemenyi test for analyzing the mean ranks of the accuracy results from
Table 8.5.

Friedman
Value χ2

F

Value in χ2(6)
Iman-Davenport
Value FF

Value in FF (6,30)
Nemenyi Test
Critical Difference

α ≤ 0.1 α ≤ 0.05 α ≤ 0.1 α ≤ 0.1 α ≤ 0.05

G-mean 8.214 10.645 12.591 1.478 2.42 - -
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Table 8.9: Wilcoxon signed-ranks test for results from datasets with biased class-
distributions. Statistically significant results are accompanied by a X.

Comparison R+ R- significance

Cascaded.ECC versus ECC 4 17 > 0.2
Cascaded.OC versus OC 14 7 > 0.2
Cascaded.M2 versus M2 20 1 0.1 X

Cascaded.DP versus ECC 5 16 > 0.2
Cascaded.DP versus OC 11 10 > 0.2
Cascaded.DP versus M2 18 3 0.2

that the cascaded classifiers achieved a considerable acceleration in detection runtimes over

the single-layer classifiers. The process of converting single-layered ensemble algorithms to

cascades can be expected to be accompanied by an acceleration of the detection runtimes

that is in the vicinity of 4-5 times the normal runtimes.

Most of the exceptions to the general trends occurred on the Letter dataset. The

detection runtimes of all single-layered classifiers were either at parity or faster than the

per-ensemble execution runtimes of the cascaded classifiers. This has been a recurring

trend for this datasets and once again the slower runtimes are attributed to the suscepti-

bility of the multiclass cascaded classifier to produce overly complex ensembles on datasets

with large numbers of class labels.

Exceptions occurred on four other occasions where the single-layered classifiers this

time round produced faster execution runtimes on the per-weak classifier metric; how-

ever, in each case, these results were balanced by the faster overall runtimes of cascaded

classifiers for the entire ensembles.

8.5 Discussion

The modularity of the proposed multiclass learning framework introduces higher inter-

pretability of the final classifier. As a meta-learning algorithm, it is inducer flexible. This

means that it can also be applied to other popular methods such as neural networks and

support vector machines. Theoretically, it has the capacity to combine multiple types of

inducers at different stages of cascade construction in order to better balance the compu-

tational and accuracy requirements.

The cascaded framework is scalable to large datasets; however, the scalability does

not extend to class labels. In the experiments, the Letter dataset with 26 class labels

demonstrated the upper limits of this range. The tests have shown that as class numbers

increase, the size of the cascaded classifier grows both horizontally within each layer, as

well as vertically in respect to the number of cascade layers. Consequently, both the

training and the execution runtimes become more expensive, while the final classifier may

also become overly complex.

Conversely, due to the modularity of the framework, it is well suited to training on

massive datasets. With minor modifications, the proposed framework can process large
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Table 8.10: The factor by which the execution runtimes are increased by the cascaded
frameworks over the single-layer algorithms. The •denotes the factor of increase for in-
stances where the reverse occurred and Xsignifies where it was balanced on the associated
metric. Value 1.0 represents parity. Values below 1.0 signify a slower runtime

cascaded.ECC cascaded.OC cascaded.M2 cascaded.DP cascaded.DP cascaded.DP
vs ECC OC vs M2 vs ECC vs OC vs M2

Dataset weak per weak per weak per weak per weak per weak per
clsf. ens. clsf. ens. clsf. ens. clsf. ens. clsf. ens. clsf. ens.

letter 4.2 X 0.3 • 14.5 1.0 8.7 X 0.7 • 18.2 X 0.9 • 8.5 X 0.4 • 6.8 X 0.3 •
pendigits 3.6 2.3 6.4 4.1 6.9 4.2 6.8 3.6 3.1 1.7 3.8 2.1
satimage 5.6 5.9 5.3 5.4 4.3 3.9 7.6 5.8 3.9 3.0 3.8 2.9
vowel 0.9 • 1.7 X 3.0 5.1 1.8 3.4 2.3 3.3 1.1 1.6 1.1 1.6
optdigits 2.4 2.3 5.0 4.8 4.9 4.4 4.2 3.7 2.0 1.7 2.5 2.2
segmentation 2.2 6.6 4.5 12.6 4.2 10.7 3.3 6.8 1.7 3.5 1.8 3.6
vehicle 6.0 19.3 3.9 11.6 2.0 5.8 5.5 14.0 2.2 5.6 1.5 3.8
glass 1.8 2.6 2.5 2.9 2.3 2.4 2.5 3.4 0.9 1.3 1.1 1.5
iris 1.9 20.3 1.9 20.7 1.5 17.1 1.3 10.1 0.6 • 4.6 X 0.6 4.4
factors 1.1 2.6 2.9 6.6 4.2 8.6 9.2 18.8 4.1 8.4 5.5 11.2
fourier 1.7 2.4 4.1 5.5 3.1 4.3 15.2 13.9 7.2 6.6 7.5 6.9
robotnavigation 3.5 17.3 3.0 14.1 2.7 8.3 13.2 26.7 7.2 14.6 7.4 15.0
waveform 5.6 9.8 3.4 5.7 2.3 4.2 13.7 18.6 8.2 11.1 5.0 6.7
waveformnoise 4.7 11.5 3.0 6.8 2.1 5.3 8.5 16.3 5.3 10.2 3.1 5.9
yeast 5.6 1.4 5.2 1.2 4.3 1.2 25.1 6.8 11.4 3.1 13.0 3.5
morphological 5.9 2.1 8.5 3.0 7.4 2.3 54.6 15.9 25.4 7.4 27.2 7.9
pageblocks 5.1 6.2 3.2 3.9 2.3 4.1 12.1 13.1 6.3 6.8 3.8 4.2
shuttle 1.6 5.1 2.6 8.8 2.2 6.0 1.2 5.4 0.6 • 2.8 X 0.7 • 3.2 X

Mean 3.5 6.7 4.6 6.9 3.7 5.4 11.4 10.4 5.5 5.2 5.3 4.8
Std. Dev 1.8 6.4 2.9 5.0 2.1 3.9 12.6 7.1 5.9 3.9 6.3 3.7
Geometric Mean 3.0 4.1 4.0 5.3 3.3 4.3 7.1 7.8 3.4 3.8 3.3 3.6

datasets through continuous sample bootstrapping. This can be implemented by intro-

ducing new samples at the level of nodes and layers, since the learning is independent at

each step.

The independence between nodes and layers can also be leveraged in order to achieve

adaptive learning in dynamic environments. As class descriptors undergo changes in

nonstationary environments, individual nodes with a degradation in accuracy can be easily

identified. Subsequently, they can be efficiently re-trained without negatively affecting the

rest of the ensemble.

The decoupled relationship between the nodes and layers has its advantages but it

also comes at a price. The trade-off for the high modularity and independence of the

classifier components is a decrease in efficiency of both the training and the execution of

a classifiers, as well as possible compromises in accuracy.

The slower convergence patterns of the cascaded classifiers in the initial phases, as

witnessed in the experiments, can be partially attributed to the effects of discarding

previously learned information in the form of sample weights, between nodes and layers.

Potentially, the loss of previously learned information can also compromise the accuracy

of classifiers since the growth of confidence margins between the decision boundaries of

the class labels are restricted.

Additionally, a more sophisticated vote-combination method for the cascaded classi-

fier, which integrates predictions of previous nodes and layers can arguably decrease the

execution runtime of the classifiers even further. With this approach, a prediction of a

class label could be arrived at in earlier layers of a cascade, given that the confidence of

a prediction at a given point in the cascade exceeds a certain confidence threshold. This

decision threshold can be learned at training and adjusted during runtime.

Interesting possibilities for future research into extending the cascading framework
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have become apparent. Firstly, there exists the ability to extend the framework in such a

way that it becomes explicitly computationally-aware. The intention is to explore ways of

adding the capability to the system to train classifiers with runtime constraints for either

the learning phase or detection phase, while taking into account the trade-offs in accuracy.

The idea is to allow the nodes to be adaptive in their complexity at different stages of

granularity.

Furthermore, the modularity and the independence of the nodes makes the cascading

framework a natural fit for emerging areas like data fusion where complementary informa-

tion from different data sources and features is integrated. It follows that this approach

holds much potential for improving coarse-to-fine strategies in which both accuracy and

runtime complexities can be balanced through the use of different feature types at various

stages of granularity.

Lastly, up to this point, the coarse-to-fine learning has been achieved through deci-

sions based on training error rates. Though this approach has often yielded satisfactory

generalization for performance trade-offs, there is scope for improving the accuracy of

the cascading methods by replacing the error-based decomposition with margin-based

decisions which instead reflect confidences.

8.6 Summary

The experiments in this chapter have demonstrated how the multiclass cascading frame-

work can be used as a meta-learning algorithm for converting existing single-layer ensemble-

based algorithms into cascaded classifiers. The research here has shown how AdaBoost.OC,

AdaBoost.ECC and AdaBoost.M2 can be converted into cascading algorithms with the

results that:

1. The training runtime is accelerated.

2. Classifier detection runtime is decreased.

3. Some generalization compromises were are trade-off when converting OC and ECC

into the proposed cascaded structure on datasets with balanced-class distributions.

4. Accuracy was preserved when converting the single-layer classifiers into proposed

cascaded classifiers for minority classes on datasets with biased-class distributions.

The results demonstrated that the cascading even slightly improved the accuracy

on these datasets over the M2 algorithm
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Chapter 9

Conclusion

The focus of this thesis was boosted ensemble-based learning methods, in the context

of cascaded frameworks. By taking the Viola-Jones and the PSL cascading approaches

to structuring an ensemble into different layers as a starting point, the emphasis of this

research was to develop techniques that introduced more aggressive separate-and-conquer

strategies to the learning process. The end goal was the reduction in the complexity of the

classifier training task that would translate to shorter learning phases for problem domains

with large and difficult datasets, while producing real-time detection capable classifiers.

The driving force behind the motivations of each chapter was the quest to investigate

how far the training procedures of cascaded approaches could be further modularized

in order to introduce higher degrees of coarse-to-fine learning while maintaining robust

classifiers. Contributions were made in three distinct areas:

1. The conventional bootstrapping procedure for cascaded binary-class classifiers, that

only involves negative training samples, was expanded to include the ability to boot-

strap positive samples as well. This enables the coarse-to-fine learning to be applied

to positive samples, with the consequence that much large positive datasets can be

used with considerably lower training runtime overheads.

2. An adaptive learning algorithm was devised for the proposed cascaded classifiers in

a high-volume binary-class domain with drifting concepts. The goal was to develop

a method that is capable of rapidly adapting to the changing environment without

requiring the explicit re-training of classifiers due to time constraints.

3. An algorithm for creating integrated multiclass ensemble-cascades was developed

with an underlying separate-and-conquer strategy. It was also empirically shown

how it can be used as a meta-learning algorithm for converting existing single-layered

multiclass learning methods into cascaded ensembles.

Chapter 4 set out to compare the PSL algorithm against the conventional Viola-Jones

cascaded approach to training classifiers on a real-world problem of face detection. The

experiments sought to answer the key questions regarding the extent to which the training

runtimes are affected by the PSL approach and whether trade-offs are involved with respect

to the generalizability of its classifiers. Additional investigation was also conducted aimed

to determine the effect that the primary training parameter Φ for regulating the size of

the nodes have on the final classifiers.
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The results showed that the PSL algorithm does significantly reduce the training run-

times of the classifiers compared to the conventional approach. The effect on the training

runtimes became more acute as the training datasets’ volume increased. In addition, con-

siderably smaller ensembles were also generated by the PSL method resulting in faster

detection runtimes. It was discovered that the number of advantages displayed by the

PSL over the conventional approach were indeed accompanied by trade-offs in respect to

the final test accuracy. The conventional approaches were observed to achieve a higher

accuracy by several percentage points on all datasets. The PSL classifiers trained with

smallest nodes displayed a tendency towards producing the lowest generalization results

with also slightly reduced training runtimes. However, classifiers with large nodes did

not indicate that an increase in the tunable parameter Φ values necessarily translated to

better generalization rates.

The subsequent research in Chapter 5 considered the use of much larger training

datasets than in the preliminary experiments. There were several questions the research

sought to answer. Firstly, the aim was to investigate whether the accuracy of PSL would

improve substantially in relation to the conventional cascade approaches when using con-

siderably larger datasets for the problem of face detection. Secondly, the goal was to

ascertain if the PSL-like training structure could be expanded in to enable positive sam-

ple bootstrapping with the ideal outcome of reduced training runtimes without causing an

accuracy deterioration. Lastly, the objective of identifying root causes of a deteriorating

accuracy was set with the aim of finding strategies to mitigate it.

The experiments indicated that while the PSL significantly lowered the training run-

time overhead over the conventional approaches on large datasets, this was once again

realized with a notable accuracy reduction. The bootstrapping component resulted in the

new algorithm termed BPSL. The experimental findings showed that it was capable of

implementing the bootstrapping of positive samples with no evidence of compromising the

generalization, while considerably reducing the training runtimes of PSL. Further analysis

of the PSL-based algorithms identified the susceptibility of the algorithm to overfit the

data because of its aggressive separate-and-conquer strategy of iteratively reducing the size

of the learning problem. The findings showed that PSL-based approaches apply informed-

sampling of the training samples which clusters instances of the positive dataset within

each layer into subsets of increasingly difficult patterns, coupled with a class-imbalanced

learning task. It was discovered that as each node within a given cascade layer was

trained, the proportion of positive samples with substantial in-class variability and noise

also increased, resulting in undue learning emphasis being devoted to unrepresentative

patterns.

The chapter proposed two effective strategies for overcoming the susceptibility of the

PSL methods to overfit in the presence of high in-class variability and large proportion

of noisy samples. The first strategy consisted of ensemble thinning, whereby a specified

number of trailing nodes within each layer were removed. This strategy involved no post-

processing overheads while improving the accuracy of all classifiers. The second strategy

employed informed-resampling in order to address the imbalanced learning that takes place

in the trailing nodes with the combination of unrepresentative samples. The informed-

resampling method significantly improved the accuracy of the PSL-based algorithms. PSL-

based training in combination with informed-resampling provided an effective alternative
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to the conventional cascade training approach with more limited compromises in accuracy

in return for notable training runtime reductions.

The problems associated with statically trained classifiers operating in dynamic and

non-stationary environments was addressed in Chapter 6. The accuracy of static classi-

fiers invariably deteriorates in environments with unforeseen drifts to the descriptors of

target concepts. The research explored the possibility of devising a strategy for PSL-like

classifiers which can utilize the clustering arrangement of the weak classifiers within each

layer in order to realize the ability of the classifiers to adapt to changes in the environ-

ment in real-time. The experiments sought to determine the capacity of the proposed

algorithm to achieve adaptability of PSL-like classifiers to diverse degrees of concept drift

without requiring explicit re-training of weak classifiers or forgetting of previously learned

information.

The experiments simulated a real-time critical and high volume domain in the problem

of face detection. The proposed algorithm assigned competence values to all nodes and

parameterized the cascade layers with learnable confidence thresholds. The experiments

showed how rapid and accurate adaptability to changes in the environment of any degree

could be realized by modifying the confidence thresholds for the decisions at each layer.

The adaptability was real-time achievable since individual weak classifier weights were

neither modified nor considered in the calculations, but instead the collective competences

of the nodes was employed. As a consequence, the statically learned information was also

preserved.

In Chapter 7, the focus of the research turned away from binary-class to multiclass

learning. The aim here was to explore methods of employing the PSL-like principles to

implementing effective and efficient multiclass algorithms using weak learners. The goal

was to assess the plausibility of using the separate-and-conquer strategies in order to aid

the learning by both simplifying the class boundaries and reducing training runtimes.

Questions were posed surrounding the ability of this method to preserve accuracy and its

ability to produce more rapid detection runtimes.

The investigation involved popular benchmark boosting algorithms comprising of Ad-

aBoost.M2, AdaBoost.OC and AdaBoost.ECC. The experimental findings showed that

PSL-based cascading was indeed effective at formulating a solution for multiclass learning

problems using weak learners. The proposed algorithm showed how an iterative separate-

and-conquer approach to learning class labels generated accurate classifiers which were

comparable to the control methods. The training runtimes were reduced with the de-

creasing size of nodes being a primary determinant of the degree of the reduction. Small-

est nodes also produced the fastest detection runtimes and exceeded the performances

of the control classifiers; however, there was some evidence to suggest that on average,

the accuracy of cascaded classifiers decreased with the reduction in the complexity of the

node sizes. The proposed algorithm was found not to be scalable to problem sets with

large numbers of class labels due to the its susceptibility in such instances to generate

over-inflated ensembles. Smaller multiclass nodes limit the size of the final ensemble and

since there was no strong correlation discovered between node size parameters and the

generalization of the classifiers, smaller node sizes were found to be preferable.

Finally, given the favourable results of the multiclass-PSL algorithm, Chapter 8 consid-

ered the usability of the proposed algorithm as a meta-learning method for transforming
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existing single-layer multiclass algorithms into cascaded algorithms. The experiments in-

volved replacing the domain-partitioning weak learner used at each multiclass node with

that of AdaBoost.M2, AdaBoost.OC and AdaBoost.ECC. The results demonstrated that

the coarse-to-fine learning of the PSL-like approaches could effectively be applied to ex-

isting single-layer boosting algorithms. The outcomes of this were reduced training and

detection runtimes of the resulting classifiers. While there was no evidence of a change

in the generalization of converting AdaBoost.M2 to a cascaded structure, there was a

statistically significant deterioration in the accuracy of AdaBoost.OC and AdaBoost.ECC

when converting into cascades on datasets with balanced class distributions. Meanwhile,

on class-balanced datasets, the effect of implementing the single-layer algorithms into

cascades did not indicate any change in their accuracy.

9.1 Recommendations

Given binary-class problems with large training sets, the usage of BPSL method is recom-

mended over the original PSL algorithm due to the ability of the former to significantly

reduce the training runtimes through the bootstrapping of the positive samples, while

also preserving accuracy. Since optimal tunable parameter values governing the size of

the nodes and the positive sampled sets for bootstrapping for any given problem domain

are unable to be determined a priori, several classifiers with different parameter settings

should be trained. From this pool of classifiers, the best performing classifier should then

be selected. For performance reasons, smaller values for both tunable parameters were

found to be preferable.

It is also highly advisable to train BPSL classifiers with informed-resampling for the

trailing nodes in order to mitigate the effects of noisy samples or the presence of sub-

stantial in-class variability of the target object. In order to ensure that overfitting has

not occurred in the trailing nodes of each layer, classifier accuracy should be verified by

combining with the ensemble thinning procedure outlined in Chapter 5. In the event that

detection runtimes of classifiers are of primary importance, the tuning of the classifiers

for optimal execution speed should be performed by employing variable nodes dimensions

for different cascade layers. The initial layers should be set to minimal node sizes, which

can gradually be increased with each new layer. Experiments have shown that though

this has a significant effect on the runtimes of classifiers, their generalizability is largely

unaffected.

In the area of classifier adaptability to changing environmental conditions, it is rec-

ommended that small snapshots of streaming data be used, since they have been shown

to be adequate for achieving the required accuracy improvements and carry the smallest

computational overheads.

It is advisable to employ the multiclass-PSL method on problem sets which are large

but which however do not exceed 10 class labels, due to the tendency of the algorithm to

generate overly-complex ensembles. Since the principle behind the algorithm is separate-

and-conquer, it is suggested to only use this algorithm when the datasets are large with

complex decision boundaries; otherwise, single-layer boosting algorithms with simple weak

learners are likely to be more suitable due to their ability to boost the confidence margins

which improve the generalizability.
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Given the choice of converting one of the AdaBoost.M2, AdaBoost.OC or AdaBoost.ECC

single-layer classifiers into cascaded classifiers in the form of the multiclass-PSL method,

there was statistical evidence to suggest that no one algorithm generalized better than

the others. Though in terms of training and evaluation performance improvements, the

results indicated that the AdaBoost.M2 algorithm benefited considerably more than the

others. As with the binary PSL, several multiclass-PSL classifiers with different node

sizes should be trained for each problem domain in order to determine which parameter

yields the best accuracy, while partiality towards smaller nodes for performance reasons

is recommended.

9.2 Future Work

There is ample scope now to further expand the algorithms developed in this research and

to also explore their applicability to real-world problems. Given the increasing interest in

coarse-to-fine learning approaches and the growing relevance of topics like adaptive and

incremental learning, together with data fusion, the cascade algorithms presented here do

hold potential for addressing these areas.

The intention will be to pursue further modifications to the PSL-like approaches to

ensemble training which minimize the accuracy trade-off that currently accompanies im-

provements in the reduction of the training complexity. The goal will be to modify the

separate-and-conquer strategy that is currently driven by training error criteria with that

of margin-based confidences. The proposal will therefore be to replace the current tun-

able parameter Φ that governs the node sizes and the training error criteria and instead

introduce a confidence decision threshold. The confidence threshold based on the margin

theory would be determining factor for controlling the rate at which samples are removed

from each layer or forwarded for re-training by succeeding nodes. In theory, this mod-

ification can be expected to increase the accuracy of all nodes provided that it is also

combined with strategies outlined in this research for handling imbalanced learning on

the final nodes of each layer.

The idea will be to also extend this further to adaptive learning in non-stationary

environments, whereby the proposed method in this research can be significantly improved

upon by devising methods that are capable of adapting the decision threshold at level of

each node and not only at each layer. The expectation is that the ability of the algorithm

to incorporate novel information about a target object will increase.

The research in the immediate future will also seek to apply the principle of margins to

create alternative multiclass cascading algorithms for boosting methods. The envisaged

concept is simpler than the one presented in this research in that it proposes to construct

cascaded classifiers without nodes. Instead, each layer would be trained a predetermined

number of rounds after which, instances belonging to each class label would be removed

from training if the classifier attains confidence levels beyond specified thresholds. Each

layer then would become defined by thresholds for every class label. Instances which

are trivial to discriminate from other classes could be expected to be learned early on

and thereby be removed from training so that the learning would focus more on difficult

samples and achieve efficient runtimes. Given the lessons learned in this research, such

strategies would need to be carefully monitored for signs of over-fitting and methods put
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in place to counter that. In addition, the vision is to also make use of the class decision

thresholds at each layer to experiment with implementing adaptive learning for the mul-

ticlass problem. The advantage would be that rapid adaptability might be attainable due

only to the modification of decision confidences, rather than in retraining new instances

requiring the update of an entire ensemble.

Efforts are already underway to apply the algorithms from this research to real-world

industrial settings. Suitable problem domains are those which require frequent training of

real-time executable classifiers that are promptly available on potentially large datasets.

An example of one such domain is that of industrial grading and sorting of fresh produce, in

conjunction with defect detection using computer vision software. In these problem sets,

the operators encounter fresh produce varieties that undergo constant feature changes

both seasonally, as well as regionally. Thus, the operating context demands continuous

re-training of classifiers on large amounts of data with the requirement that the classifiers

be made available immediately.

Finally, data fusion is an intriguing emerging area in recent research for which the algo-

rithms discussed here provide a natural fit. The PSL-like algorithms provide the required

decoupling of their constituent weak classifiers which enables the fusing of different but

complementary data sources. In future, opportunities will be pursued to procure datasets

from domains which are suited for data fusion in order to explore the applicability of the

methods researched here to provide alternative solutions.
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Appendix A

Preliminary Experimental Results

A.1 Supplementary Results
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Figure A.1: The improved true positive/false positive ratio of a BPSL.r classifier Φ = 20
and β = 2000 from a 15000 sample dataset. Proportional false positive rates per node for
each layer and a node’s hit rate contribution for each layer.

The diagrams in Figure A.1 show an improved ratio between the true positive and

false positive rates of each node across all the layers of the cascade of a BPSL.r classifier.

In contrast to the figures for the naive BPSL classifier, the trailing nodes of a BPSL.r

classifier exhibit lower false positive rates, while the contribution of the trailing nodes

towards an improvement in the true positive detections increases with each suceeding

layer. In addition, the false positive rates of the BPSL.r nodes is much more stable across

all layers compared to that of the BPSL nodes. This indicates that there is a lot less

variability in the trailing nodes of BPSL.r with there being less susceptibility to outliers

and thus an overall improved error rate.
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Figure A.2: Graphs showing typical convergence patterns of the false alarm rates for PSL
classifiers in which the PSL classifier trained on a 1000 samples dataset with a node size
of 10 is featured with layer targets of a 100% hit rate and 50% false alarm rate. Each
graph represents the convergence of a single layer in which there are multiple plots, one
for each node. The graphs demonstrate the an elevated false alarm rate at the end of layer
and the increasing size of the false alarm rate as the number of nodes increase. Classifier
layers from 1 - 8 are depicted.
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Appendix B

Additional BPSL Graphs and

Detection-Runtime Experiments

B.1 ROC Graphs for BPSL Classifiers on 5000 Sample Dataset

Figure B.1 shows the ROC graphs comparing the BPSL classifiers with β = 500 and

β = 2000 parameters over the range of different values of Φ, against the PSL and VJ

classifiers. The VJ classifiers have generalized on the CMU MIT datasets significantly

better than the PSL-like classifiers across all four values of Φ. However, the results indicate

that there were no consistent trends that indicate that the bootstrapping component of

the BPSL classifies has resulted in the deterioration in the accuracy.

B.2 Execution Runtimes with Variable Values of Φ

Experiments in this research have predominately involved PSL-like classifiers with fixed

values of Φ throughout all the cascade layers. However, PSL-like classifiers can be easily

tuned for more demanding detection runtime requirements by making the Φ parameter

variable for different layers. Experiments here briefly demonstrate how the execution

runtime of a PSL-like classifier can be significantly accelerated by training initial layers

with smaller and more efficient nodes that increase in size for latter layers in order to

produce more accurate weak classifers as the classification task becomes more difficult.

Three BPSL.r classifiers with a simple strategy for growing the Φ parameter were

trained on datasets comprising 5000, 10000 and 15000 positive samples and using the

methodology outlined in Chapter 5.3.1. The variable Φ was naively increased in three

phases for different layers in a cascade, as shown in Table B.1.

Table B.1: The configuration of the Φ value per layer of the cascade for the BPSL.r
classifier.

Layers 1-3 4-5 ≥ 6

Φ 1 5 10

Table B.2 lists the percentage by which the BPSL.r with flexible value of Φ executesd

faster than a conventional BPSL.r classifier, where Φ was fixed with value 10. The results
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Figure B.1: Classifier ROC graph curves comparing PSL, BPSL and VJ classifiers on the
CMU MIT dataset.

indicate that even with a simplistic strategy as this, the performance gains in varying

the value of Φ for the initial layers of a cascade were significant. Arguably, given a more

sophisticated strategy for varying the size of Φ, even greater performance gains could be

achieved. Likewise, the performance gains of varying the value Φ for initial layers can be

expected to bring considerably larger performance improvements against other PSL-like

classifiers which have Φ > 10 fixed parameters.

Table B.2: The percentage by which the flexible BPSL.r outperforms the BPSL.r with
fixed values of Φ for all layers of a cascade.

Flexible Φ BPSL.r vs.
BPSL.r Φ = 10

Dataset size 5000 10000 15000

Faster execution 36.0% 33.6% 26.6%
±0.1% ±0.1% ±0.1%

The accuracies of BPSL.r classifiers with flexible node sizes are compared to their

counterpart PSL classifiers from Chapter 5. The results indicate that in general, the

flexible BPSL.r classifiers displayed some of the best accuracy results across the three

datasets. There was no difference in accuracy between the flexible BPSL.r and the fixed

BPSL.r on the 5000 sample dataset. On the 10000 and the 15000 datasets, the fixed
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BPSL.r classifiers generalized slightly stronger than the flexible BPSL.r classifiers.
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Figure B.2: ROC curves for BPSL.r classifiers with adaptive values of Φ for different layers
and their comparison with the conventional BPSL.r, BPSL and PSL classifiers.

Overall, the results indicate that the detection runtime of the PSL-like classifers can

be trivially tuned using simple strategies which train initial layers of a cascade with very

small Φ values that are progressively increased. The strategy is effective since a smaller

number of weak classifiers are evaluated in the early layer for classifying negative samples

that clearly do not contain target patterns, while larger numbers of weak classifiers are

executed only for samples which are closer to the decision boundary.
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Appendix C

Supplementary Multiclass

Algorithm Results

The complete collections of figures and tables pertaining to the analysis of the multiclass

cascaded algorithm are displayed here.

Training Phase The training convergence of all classifiers across the 18 datasets is

shown in Figure C.1. The primary observations were:

1. The exponential rate of decrease in the training error by the control algorithms is

not matched by the cascaded.DP classifiers in the initial boosting rounds.

2. The fastest convergence rates are in most cases recorded by the ECC algorithm and

followed by the OC and M2 algorithms.

3. On some datasets, the cascaded classifiers were able to catch-up to the control

algorithms and attained zero training error rates at lower costs in boosting iterations

than the OC and M2 algorithms.

4. The low training error was matched only by the ECC classifiers.

5. It was observed that was observed that on Vowel, Segmentation, Vehicle, Glass, Iris

and Factors datasets the low training error rates of the cascaded classifiers are often

achieved while generating significantly smaller ensembles than those of OC and M2

classifiers.

6. Cascaded classifiers were susceptible to generating more complex ensembles than all

the control algorithms on Pendigit, Letter, Satimage, Optdigits, Yeast and Morpho-

logical datasets.

7. There was no consistent pattern amongst the cascaded classifiers which allowed for

definitive statements to be made as to what value of Φ yields best convergences.

8. Non-monotonic patterns were generated by cascaded classifiers on Pendigit, Satim-

age, Vowel and Shuttle datasets.
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Figure C.1: Training error convergence graphs.
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Figure C.2: Classifier accuracy on test data as a function of training runtime.
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Figure C.3: Test error convergence graphs.
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Test Phase Figure C.2 shows the cost/benefit relationship between the training run-

times and the test accuracy of all classifiers. The summary of the findings are:

1. The ECC algorithm consistently produced the best test error results.

2. Both ECC and OC algorithms dominated the cascaded classifiers in the initial stages,

but the cascaded classifiers frequently demonstrated their ability to match the test

error rates of ECC and OC in the latter stages as seen on Satimage, Vowel, Segmen-

tation, Vehicle, Glass and Robot Navigation datasets.

3. Cascaded classifiers with smaller values of Φ dominated the performances of the

classifiers with larger nodes.

4. M2 algorithm demonstrated higher training runtime costs than all the other classi-

fiers for a given accuracy.

The test error results in Figure C.3 can be summarized as follows:

1. There was a sizable discrepancy between the final training error and the final error

rates of the cascaded classifiers unlike that of the control algorithms.

2. The non-monotonic patterns of cascaded classifiers, particularly on the Pendigit,

Satimage, and Morphological datasets did not indicate that over-training had oc-

curred (exception being the Vowel dataset).

3. The cascaded classifiers frequently generated smaller ensembles than the control

algorithms and have succeeded in most cases to match their accuracies. This was

observed in 7
18 of the cases.

4. The cascaded classifiers produced considerably larger ensembles than the control

algorithms. In the majority of these cases, even with larger ensembles, the cascaded

classifiers did not record accuracy rates that matched those of the control algorithms.

This occurred in 6
18 of the datasets.

5. In 4
18 of the cases, the cascaded classifiers produced smaller ensembles than the

control algorithms but were, however, unable to match the generalization of the

control algorithms in general.

Table C.1 - Table C.3 Show the F-values attained by each classifier on every class label

within their respective datasets.
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Table C.1: F-value accuracy results for the shuttle dataset.

Measure Class Cascaded.DP OC ECC M2

Type Distr. 5 10 25 50

0 0.02% 1.000 1.000 1.000 0.500 1.000 1.000 1.00
1 78.60% 1.000 1.000 1.000 1.000 1.000 1.000 1.00
2 0.09% 0.846 0.923 0.846 0.923 0.960 0.960 0.96

F-Value 3 0.29% 1.000 1.000 0.974 0.974 1.000 1.000 0.91
4 15.35% 1.000 1.000 1.000 1.000 1.000 1.000 1.00
5 5.63% 1.000 1.000 1.000 1.000 1.000 1.000 1.00
6 0.02% 0.75 0.75 0.25 0.5 1.000 1.000 1.00

Table C.2: F-value accuracy results for the robot navigation dataset.

Measure Class Cascaded.DP OC ECC M2

Type Distr. 5 10 25 50

0 15.14 0.970 0.983 0.978 0.978 0.997 0.999 0.998
F-Value 1 38.43 0.983 0.993 0.987 0.990 0.998 0.999 0.998

2 40.41 0.977 0.989 0.992 0.988 0.997 0.998 0.998
3 6.01 0.960 0.954 0.963 0.970 0.989 0.992 0.989

Table C.3: F-value accuracy results for the satimage dataset.

Measure Class Cascaded.DP OC ECC M2

Type Distr. 5 10 25 50

0 24.28% 0.829 0.867 0.852 0.805 0.844 0.844 0.813
1 22.3 0.971 0.975 0.968 0.971 0.974 0.978 0.957

F-Value 2 11.2% 0.963 0.931 0.963 0.926 0.971 0.970 0.964
3 21.3% 0.867 0.859 0.881 0.878 0.902 0.875 0.896
4 10.0% 0.597 0.573 0.602 0.650 0.590 0.592 0.515
5 10.7% 0.797 0.838 0.827 0.858 0.840 0.860 0.798
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Appendix D

Complete Graphs and Tables from

the Results of Cascadizing OC,

ECC and M2

Training Phase: Summary of main points from the training error graphs in Figure D.1:

1. Almost without exception across all the datasets in these experiments, the cascaded

classifiers were not able to keep up with the control algorithms round-for-round.

2. In 66% of cases, the cascaded algorithms were able to catch up to the convergence

rates of the control algorithms and tended to exceed their final training errors very

rapidly.

3. On 33% datasets, the cascaded algorithms were not capable of producing classifiers

which were able to catch up to the control classifiers at any point during their

convergences. However, they often attained zero training error at some later point

in contrast to the control algorithms.

Test Phase: Summary of main points from the graphs of classifier test accuracy as a

function of training runtime for cascaded classifiers seen in Figure D.2:

1. The control algorithms dominated the cascaded algorithms in the initial phases.

2. On 66% of the datasets, the cascaded classifiers successfully caught up to their

respective single-layer algorithms frequently coming close to parity.

3. In the remaining 33% of the instances, the single-layer classifiers displayed stronger

generalization and lower costs throughout the entire convergence.

The convergences of the test error graphs in Figure D.3 strongly paralleled the primary

trends seen in the training error convergences of Figure D.1.
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Figure D.1: Training error convergence graphs for cascaded classifiers.
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Figure D.2: Classifier accuracy on test data as a function of training runtime for cascaded
classifiers.
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Figure D.3: Test error convergence graphs for cascaded classifiers.
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Table D.1: F-Values for the Yeast dataset. Minority classes of interest are denoted as
•and an observed accuracy improvement over the single-layer classifiers as X.

Cascaded Cascaded Cascaded Cascaded
Class Distr. ECC ECC OC OC M2 M2 DP

0 • 2.1 0.622 0.695 0.633 0.673 0.620 0.528 0.533
1 89.77 0.981 0.984 0.982 0.985 0.980 0.980 0.984
2 • 6.01 0.866 0.879 0.866 0.884 0.851 0.825 0.826
3 • 0.51 0.741 0.785 0.761 0.724 0.764 0.565 0.643
4 • 1.61 0.735 0.835 0.792 0.883 0.671 0.869 0.751

Table D.2: F-Values for the Shuttle dataset. Minority classes of interest are denoted as
•and an observed accuracy improvement over the single-layer classifiers as X.

Cascaded Cascaded Cascaded Cascaded
Class Distr. ECC ECC OC OC M2 M2 DP

0 • 0.02 1.000 1.000 0.974 1.00 1.000 1.000 1.000
1 78.60 1.000 1.000 1.000 1.00 1.000 1.000 1.000
2 • 0.09 0.952 0.960 0.960 0.96 1.000 0.960 0.923
3 • 0.29 0.994 1.000 0.986 1.00 1.000 0.909 1.000
4 15.35 1.000 1.000 1.000 1.00 1.000 1.000 1.000
5 • 5.63 1.000 1.000 1.000 1.00 1.000 1.000 1.000
6 • 0.02 0.961 1.000 0.97 1.00 1.000 1.000 0.750

Table D.3: F-Values for the Glass dataset. Minority classes of interest are denoted as
•and an observed accuracy improvement over the single-layer classifiers as X.

Cascaded Cascaded Cascaded Cascaded
Class Distr. ECC ECC OC OC M2 M2 DP

0 13.6 0.828 0.914 0.737 0.839 0.823 0.887 0.759
1 32.7 0.682 0.724 0.701 0.720 0.692 0.696 0.729
2 35.5 0.692 0.726 0.710 0.703 0.677 0.656 0.645
3 • 7.9 0.289 0.314 0.313 0.105 0.252 0.087 0.412
4 • 4.2 0.468 0.766 0.663 0.472 0.357 0.659 0.778
5 • 6.1 0.546 0.688 0.650 0.635 0.617 0.434 0.769
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Table D.4: F-Values for the Robot Navigation dataset. Minority classes of interest are
denoted as •and an observed accuracy improvement over the single-layer classifiers as X.

Cascaded Cascaded Cascaded Cascaded
Class Distr. ECC ECC OC OC M2 M2 DP

0 • 15.14 0.975 0.999 0.983 0.997 0.977 0.998 0.983
1 38.43 0.992 0.999 0.993 0.998 0.995 0.998 0.993
2 40.41 0.986 0.998 0.990 0.997 0.988 0.998 0.989
3 • 6.01 0.960 0.992 0.967 0.989 0.977 0.989 0.954
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[163] J. Suutala and J. Röning. Methods for person identification on a pressure-sensitive

floor: Experiments with multiple classifiers and reject option. Information Fusion,

9(1):21–40, 2008.

[164] V. Svetnik, A. Liaw, C. Tong, and T. Wang. Application of breiman’s random forest

to modeling structure-activity relationships of pharmaceutical molecules. Multiple

Classifier Systems, pages 334–343, 2004.

[165] F. Takahashi and S. Abe. Decision-tree-based multiclass support vector machines.

In Neural Information Processing, 2002. ICONIP ’02. Proceedings of the 9th Inter-

national Conference on, volume 3, pages 1418 – 1422 vol.3, November 2002.

[166] A. Tsymbal. The problem of concept drift: definitions and related work. TCD-CS-

2004-15, Dep. of Comp. Sci., Trinity College, Dublin, Ireland, 4, 2004.

[167] K. Tumer and J. Ghosh. Error correlation and error reduction in ensemble classifiers.

Connection Science, 8(3-4):385–404, 1996.



191

[168] L.G. Valiant. A theory of the learnable. Communications of the ACM, 27(11):

1134–1142, 1984.

[169] V.N. Vapnik. The nature of statistical learning theory. Springer Verlag, 2000.

[170] R. Verschae and J. Ruiz del Solar. Coarse-to-fine multiclass nested cascades for

object detection. Pattern Recognition, International Conference on, 0:344–347, 2010.

ISSN 1051-4651.

[171] R. Verschae, J. Ruiz del Solar, and M. Correa. A unified learning framework for

object detection and classification using nested cascades of boosted classifiers. Mach.

Vision Appl., 19(2):85–103, 2008. ISSN 0932-8092.

[172] P. Viola and M.J. Jones. Rapid object detection using a boosted cascade of simple

features. In CVPR01, pages I:511–518, Kauai, HI, December 2001. IEEE.

[173] P. Viola and M.J. Jones. Robust real-time face detection. In Proceedings of the

Eighth International Conference On Computer Vision (ICCV-01), pages 747–747,

Los Alamitos, CA, July 2001. IEEE Computer Society.

[174] P. Viola and M.J. Jones. Robust real-time face detection. International journal of

computer vision, 57(2):137–154, 2004.

[175] P.A. Viola and M.J. Jones. Fast and robust classification using asymmetric adaboost

and a detector cascade. In Thomas G. Dietterich, Suzanna Becker, and Zoubin

Ghahramani, editors, NIPS, pages 1311–1318, 2001.

[176] H. Wang, W. Fan, P.S. Yu, and J. Han. Mining concept-drifting data streams

using ensemble classifiers. In Proceedings of the ninth ACM SIGKDD international

conference on Knowledge discovery and data mining, KDD ’03, pages 226–235, New

York, NY, USA, 2003. ACM. ISBN 1-58113-737-0.

[177] P. Wang, H. Wang, X. Wu, W. Wang, and B. Shi. A low-granularity classifier for

data streams with concept drifts and biased class distribution. IEEE Transactions

on Knowledge and Data Engineering, 19:1202–1213, 2007. ISSN 1041-4347.

[178] W. Wang, P. Jones, and D. Partridge. Diversity between neural networks and

decision trees for building multiple classifier systems. Multiple Classifier Systems,

pages 240–249, 2000.

[179] G.I. Webb. Multiboosting: A technique for combining boosting and wagging. Ma-

chine Learning, 40:159–196, 2000. ISSN 0885-6125.

[180] D. Weiss and B. Taskar. Structured prediction cascades. In Proc. AISTATS, volume

1284, 2010.

[181] G. Widmer and M. Kubat. Learning in the presence of concept drift and hidden

contexts. Machine Learning, 23:69–101, 1996. ISSN 0885-6125.

[182] F. Wilcoxon. Individual comparisons by ranking methods. Biometrics Bulletin, 1

(6):80–83, 1945.



192

[183] D. Withopf and B. Jahne. Improved training algorithm for tree-like classifiers

and its application to vehicle detection. In B. Jahne, editor, Proc. IEEE Intelli-

gent Transportation Systems Conference ITSC 2007, pages 642 – 647, 2007. doi:

10.1109/ITSC.2007.4357644.

[184] I.H. Witten, E. Frank, and M.A. Hall. Data Mining: Practical machine learning

tools and techniques. Morgan Kaufmann, 2011.

[185] D.H. Wolpert. Stacked generalization. Neural Networks, 5(2):241 – 259, 1992. ISSN

0893-6080.

[186] D.H. Wolpert and W.G. Macready. Coevolutionary free lunches. IEEE Trans.

Evolutionary Computation, 9(6):721–735, 2005.

[187] J. Wu, J.M. Rehg, and M.D. Mullin. Learning a rare event detection cascade by

direct feature selection. In NIPS (Advances in Neural Information Processing Sys-

tems) 2003, Vancouver, Canada, 2003.

[188] J. Wu, S.C. Brubaker, M.D. Mullin, and J.M. Rehg. Fast asymmetric learning

for cascade face detection. IEEE Transactions on Pattern Analysis and Machine

Intelligence, 30:369 – 382, 2008.

[189] R. Xiao, L. Zhu, and H.J. Zhang. Boosting chain learning for object detection. In

ICCV ’03: Proceedings of the Ninth IEEE International Conference on Computer

Vision, page 709, Washington, DC, USA, 2003. IEEE Computer Society. ISBN

0-7695-1950-4.

[190] R. Xiao, H. Zhu, H. Sun, and X. Tang. Dynamic cascades for face detection. Com-

puter Vision, 2007. ICCV 2007. IEEE 11th International Conference on, pages 1–8,

Oct. 2007. ISSN 1550-5499. doi: 10.1109/ICCV.2007.4409043.

[191] S. Yan, S. Shan, X. Chen, W. Gao, and J. Chen. Matrix-structural learning (msl)

of cascaded classifier from enormous training set. In Computer Vision and Pattern

Recognition, 2007. CVPR’07. IEEE Conference on, pages 1–7. IEEE, 2007.

[192] F. Yoav and R.E. Schapire. A decision-theoretic generalization of on-line learning

and an application to boosting. In EuroCOLT ’95: Proceedings of the Second Eu-

ropean Conference on Computational Learning Theory, pages 23–37, London, UK,

1995. Springer-Verlag. ISBN 3-540-59119-2.

[193] J.H. Zar. Biostatistical analysis, volume 564. Prentice hall Upper Saddle River, NJ,

1999.

[194] C. Zhang and Y. Ma. Ensemble Machine Learning: Methods and Applications.

Springer-Verlag New York Inc, 2012.

[195] C. Zhang and P. Viola. Multiple-instance pruning for learning efficient cascade

detectors. In NIPS 2007, 2007.

[196] C.X. Zhang and J.S. Zhang. A local boosting algorithm for solving classification

problems. Computational Statistics and Data Analysis, 52(4):1928 – 1941, 2008.

ISSN 0167-9473.



193

[197] Z.Q. Zhang, L. Zhu, S.Z. Li, and H.J. Zhang. Real-time multi-view face detection.

In FGR ’02: Proceedings of the Fifth IEEE International Conference on Automatic

Face and Gesture Recognition, page 149, Washington, DC, USA, 2002. IEEE Com-

puter Society. ISBN 0-7695-1602-5.

[198] Z.H. Zhou and Z.Q. Chen. Hybrid decision tree. Knowledge-based systems, 15(8):

515–528, 2002.

[199] J. Zhu, S. Rosset, H. Zou, and T. Hastie. Multi-class adaboost. Technical Report

430, Department of Statistics, Univesity of Michigan, 2006.

[200] X. Zhu, P. Zhang, X. Lin, and Y. Shi. Active learning from stream data using optimal

weight classifier ensemble. Systems, Man, and Cybernetics, Part B Cybernetics,

IEEE Transactions on, 40(6):1607–1621, 2010.




