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Abstract

In pattern recognition and machine learning, a classification problem refers to finding an al-

gorithm for assigning a given input data into one of several categories. Many natural signals

are sparse or compressible in the sense that they have short representations when expressed

in a suitable basis. Motivated by the recent successful development of algorithms for sparse

signal recovery, we apply the selective nature of sparse representation to perform classifica-

tion. In order to find such sparse linear representation, we implement an �l-minimization

algorithm. This methodology overcomes the lack of robustness with respect to outliers. In

contrast to other classification algorithms such as Support Vector Machines (SVM), no model

selection dependence is involved. The minimization algorithm is a convex relaxation-like al-

gorithm that has been proven to efficiently recover sparse signals. To study its performance,

the proposed method is applied to six tumor gene expression datasets with a large number

of features but few samples. Our numerical results compare favorably with various SVM

methods. We also test the effectiveness of our classification algorithm in the Fisher’s Iris

dataset where a large number of samples but a small number of features are available.

Since the process and techniques for acquiring and analyzing data advance every day

at high rates, we need to manage and analyze large amounts of data for several different

scientific problems. Future work aims to study the performance of our classification method

when dimensionality reduction techniques are applied, including feature selection and feature

extraction strategies.
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Chapter 1

Introduction

Several engineering and science applications involve solving linear inverse problems that are

usually ill-conditioned and for which the use of regularization techniques is required to be

able to propose useful solutions. Recently, regularization via sparsity constraints has become

very popular, where we look for an approximate solution to a linear system of equations, with

the requirement that it has as few nonzero components as possible. This kind of problems

can be found in several applications in machine learning, image and signal processing, and

coding and information theory among others. Moreover, it has been proven that sparse

signals can effectively approximate compressible signals [4].

In machine learning and pattern recognition, the term “classification” refers to an algo-

rithm/technique for assigning a given set of input data into one of a given number of cate-

gories. An example would be assigning a given email into “spam” or “non-spam” classes, or

assigning a diagnosis to a given patient as described by observed characteristics of the patient

(gender, blood pressure, presence or absence of certain symptoms, etc.). An algorithm that

implements classification is referred to as a classifier.

Many natural signals are sparse or compressible in the sense that they have short represen-

tations when expressed in a suitable basis. Motivated by the recent successful development

of algorithms for sparse signal recovery [11, 17, 21, 26], we apply the selective nature of sparse

representation to perform classification. Any test sample is represented in an overcomplete

dictionary with the training sample as base elements. In case we have sufficient training sam-

ples available for each class; test samples can be expressed as a linear combination of only

those training samples belonging to the same class, therefore providing a naturally sparse

representation. In order to find the sparsest linear representation we propose an algorithm

1
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