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Abstract

The Support Vector Machine (SVM) is a binary classification paradigm based on sta-

tistical learning. It is an important tool in object detection and pattern recognition,

as well as signal processing, and the SVM algorithm has been shown to outperform

existing classification algorithms. There are two main drawbacks with the original

SVM formulation: the classification performance of the tuning regularisation param-

eter, and the computational and time cost of training phase. This Thesis focuses

on the development of a new formulation of 2ν-SVM, with two cost parameters ν+

and ν−, to mitigate these drawbacks. In addition, the computation implementation

of training process is designed and explained, and the relationship between the new

and the original formulations is developed mathematically and discussed.

As with many statistical learning problems, the formulation of the original SVM

(C-SVM) uses a regularisation parameter (C) to balance the generalisation perfor-

mance of the classifier. The regularisation parameter places equal weightings on

the number of training errors of both class labels. The equal weightings can be

undesirable, and can be detrimental to the overall performance of the resulting clas-

sifier. In this Thesis, SVMs are extended to dual-error parameters (2C-SVMs and

2ν-SVMs) that improve the classification performance, in particularly where the

training class sizes are greatly different, and allow classification biasing based on a

priori information. We discuss the creation of the new formulation and show results

that provide indications of the improvements, and illustrate the use of 2ν-SVMs for

multi-category classification. In addition, we describe a metric that measures the

reliability of a multi-category classification for the one-against-rest strategy.

We introduce a novel implementation for training 2ν-SVMs. The weakness of SVMs

is the computation cost of training multiple SVMs to produce an optimised classi-

fier. Each training involves the optimisation of a quadratic programming problem

that is non-trivial. Optimisation algorithms for C-SVMs have proved to reduce

the computational cost involved, but these algorithms cannot be directly applied

to 2ν-SVMs. The novel implementation improves on the existing methods while

reducing the computational requirements.
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Abstract

The relationship between the new 2ν-SVM formulation and the original describes

the link between the objective functions of the two formulations. The mathematical

link shows that the new formulation provides the same functionality of the original

formulation, while improving on the classification and computation performances.

The resulting extension and implementation of 2ν-SVMs provides a strong and ro-

bust method for producing binary classifiers as well as multi-category classifiers.

The research detailed here has resulted in 2ν-SVMs that have improved the compu-

tation and classification performance of SVMs. These improvements contribute to

the broad area of multi-dimensional signal processing, such as for signal detection

and image classification. The robustness of the 2ν-SVM in forming working classi-

fiers from unprocessed data, and the reduction of number of training cycles allows

users to quickly and effectively produce results for their classification problems.
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