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Preface

The belief that a committee of people make better decisions than any individual
is widely held and appreciated. We also understand that, for this to be true, the
members of the committee have to be simultaneously competent and comple-
mentary. This intuitive notion holds true for committees of data sources (such
as sensors) and models (such as classifiers). The substantial current research in
the areas of data fusion and model fusion focuses on ensuring that the differ-
ent sources provide useful information but nevertheless complement one another
to yield better results than any source would on its own. During the 1990s, a
variety of schemes in classifier fusion, which is the focus of this workshop, were
developed under many names in different scientific communities such as machine
learning, pattern recognition, neural networks, and statistics. The previous five
workshops on Multiple Classifier Systems (MCS) were themselves exercises in
information fusion, with the goal of bringing the different scientific communi-
ties together, providing each other with different perspectives on this fascinating
topic, and aiding cross-fertilization of ideas. These five workshops achieved this
goal, demonstrating significant advances in the theory, algorithms, and applica-
tions of multiple classifier systems.

Following its five predecessors published by Springer, this volume contains the
proceedings of the 6th International Workshop on Multiple Classifier Systems
(MCS 2005) held at the Embassy Suites in Seaside, California, USA, June 13-15,
2005. Forty-two papers were selected by the Scientific Committee, and they were
organized into the following sessions: Boosting, Combination Methods, Design
of Ensembles, Performance Analysis, and Applications. The workshop program
was enriched by an invited talk given by Leo Breiman (University of California,
Berkeley, USA).

The workshop was organized by the NASA Ames Research Center (USA),
Rowan University (USA), and PureSense Environmental (USA). It was spon-
sored by the International Association for Pattern Recognition through its Tech-
nical Committee TC1: Statistical Techniques in Pattern Recognition. We also
wish to express our gratitude to all who helped to organize MCS 2005. We thank
the authors of all the submissions for their hard work and efforts toward making
this workshop a true exercise in information fusion. We also thank the mem-
bers of the Scientific Committee and many other reviewers for performing the
difficult task of selecting the best papers from a large number of high-quality sub-
missions. Special thanks to Terry Windeatt (University of Surrey, UK), Darren
Galaviz (NASA), John Williamson (PureSense), Christopher Peri (PureSense),
and Giorgio Fumera (University of Cagliari, Italy) for their substantial
contributions to local organization and website management.

June 2005 Nikunj C. Oza, Robi Polikar, Josef Kittler, and Fabio Roli
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Semi-supervised Multiple Classifier Systems:
Background and Research Directions

Fabio Roli

Dept. of Electrical and Electronic Engineering, University of Cagliari,
Piazza d’ Armi, 09123 Cagliari, Italy
roli@diee.unica.it

Abstract. Multiple classifier systems have been originally proposed for
supervised classification tasks. In the five editions of MCS workshop, most of
the papers have dealt with design methods and applications of supervised
multiple classifier systems. Recently, the use of multiple classifier systems has
been extended to unsupervised classification tasks. Despite its practical
relevance, semi-supervised classification has not received much attention. Few
works on semi-supervised multiple classifiers appeared in the machine learning
literature. This paper’s goal is to review the background results that can be
exploited to promote research on semi-supervised multiple classifier systems,
and to outline some future research directions.

1 Introduction

During the 1990’s, several classifier fusion schemes, especially the ones that operate
at the so-called decision-level, have emerged under a plethora of names within
various scientific communities, including information fusion, machine learning,
neural networks, pattern recognition, and statistics. The initial works on multiple
classifier systems (MCS) dealt almost exclusively with supervised classification, and
this trend continued over the years. In the five editions of MCS workshop [1], most
papers have dealt with design methods and applications of supervised multiple
classifier systems. Only recently, the multiple classifiers approach has been extended
to unsupervised classification, and some methods have been proposed to combine
multiple clustering algorithms [2,3]. Although past MCS research was focused on
supervised classification, many pattern recognition applications cannot be addressed
effectively under the pure supervised approach. In fact, there are applications that are
characterized by two contrasting factors: the need for large quantities of labelled data
to design classifiers with high accuracy, and the difficulty of collecting such data. For
example, in text classification, the common end-user is not available to manually
label a large amount of data necessary to achieve reasonable classification accuracy
[4]. In remote-sensing image classification, Jackson and Landgrebe pointed out that
the large number of spectral bands of modern sensors and the large number of land-
cover classes of interest, require a number of training examples that are too expensive
or tedious to acquire [5]. Similar scenarios occur in face recognition, medical
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imaging, and intrusion detection in computer networks [6,7,8]. On the other hand, in
these applications, collecting unlabelled data is often easy and inexpensive. In many
text classification applications (e.g., web page categorization), unlabelled examples
are freely and abundantly available. In remote sensing, thanks to the high spatial
resolution of modern sensors, a large number of unlabelled examples become
available when new images are captured. It is easy to see that such applications
demand classification methods that achieve high accuracy using only a few labelled
but many unlabelled examples. Semi-supervised classification deals with the design
of classifiers using both labelled (possibly few) and unlabelled training examples.
Various approaches to semi-supervised classification have been proposed [9].

Despite the theoretical and practical relevance of semi-supervised classification,
the proposed approaches so far dealt with only single classifiers, and, in particular, no
work was clearly devoted to this topic within the MCS literature. To the best of our
knowledge, few works on semi-supervised multiple classifiers have appeared in the
machine learning literature [7,10,11,12,13].

This paper is aimed at reviewing the background results that can be exploited to
promote research on semi-supervised multiple classifier systems, and to outline some
future research directions. Section 2 provides the basic concepts and briefly reviews
the main approaches to semi-supervised classification. Section 3 reviews the few
works which dealt with semi-supervised multiple classifiers, and attempts to give a
systematic definition of semi-supervised MCS. Some directions for future research
are outlined in Section 4.

2 Semi-supervised Classification

Given a set D; (usually, small) of labelled data, and a set D, (usually, large) of
unlabelled data, semi-supervised classification methods aim to desi gn classifiers using
both sets. In this section, we first review briefly the main methods proposed for semi-
supervised classification, with a particular attention paid to the co-training method
due to its strong connection to MCS. Our review is biased due to its restricted focus
on MCS, and consequently is not exhaustive. We refer the reader to [9] for a broader
overview on semi-supervised classification methods. Finally, we briefly review the
main arguments on the usefulness of unlabelled data in increasing the classification
accuracy.

2.1 Methods for Semi-supervised Classification

Decision-Directed Methods

It is easy to see that a most straightforward approach to semi-supervised classification
should be based on exploiting the available labeled examples in automatically
assigning class labels to unlabeled data. The basic approach works as follows. An
initial classifier is designed using the labeled data set D,. This classifier is then used to
assign class labels to examples in D,. Then the classifier is re-trained using D; LD,
As the convergence of this simple algorithm can not be guaranteed in general, the last
two steps are usually repeated for a given number of times or until some heuristic
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convergence criterion is satisfied. It is worth noting that, while traditional pattern
recognition systems are “open-loop” systems, this approach corresponds to the
implementation of simple “closed-loop” systems [15,16]. Although encouraging
results have been reported in real applications [14], it is easy to see that the
performance of this approach strongly depends on the accuracy of the classifiers used
to assign the “pseudo-labels”. The classification accuracy can improve over the
iterations only if the initial and subsequent classifiers correctly label most of the data.
Unfortunately, the issue of labelling accuracy needed to guarantee low generalization
error is nearly impossible to address [15]. In practical applications, unreliable class
labels are disregarded using measures of classification confidence in order to limit the
number of labelling errors.

This simple approach to semi-supervised classification and its related methods,
have been referred under various names by different communities: self-learning
methods [9,15], self-corrective recognition [15,16], adaptive methods, naive labelling
approach [17], and decision-directed methods [18]. We choose the last name to refer
to this paragraph since it reflects well the fundamental mechanism of this approach
and it is used in statistical parameter estimation and si gnal processing areas.

Expectation-Maximization Methods

Expectation-maximization (EM) is a well known class of iterative algorithms for
maximum-likelihood or maximum a posteriori estimation in problems with
incomplete data [19,20]. In the case of semi-supervised classification, the unlabeled
data are considered incomplete because they do not have class labels. The basic EM
approach first designs a probabilistic classifier (e.g., a Gaussian classifier) with the
available data set D,. Then, such classifier is used to assign probabilistically-weighted
class labels to unlabeled examples by calculating the expectation of the missing class
labels. Then a new classifier is trained using both the original labelled data and the
formerly unlabelled data, and the process is repeated.

The main advantage of EM approach is that it allows exploiting, in a theoretically
well grounded way, both labelled and unlabelled data. Therefore, it meets the main
requirement of semi-supervised classification in a natural way. In addition, it is quite
general, and it has been used with different probabilistic models of classifiers [10,20].

Results on different classification tasks showed that EM methods allow exploiting
unlabelled data effectively. For example, Nigam et al. show that unlabelled data used
with EM methods in a document categorization problem can reduce classification
error by up to 30% [20]. On the other hand, Cohen et al. recently showed that EM
methods can increase the classification accuracy only if the assumed probabilistic
model of the classifier matches well with data distribution; otherwise, the use of
unlabelled data can become counter productive [6].

Co-training

A co-training approach to semi-supervised classification was proposed by Blum and
Mitchell in 1998 [21]. The basic idea can be illustrated with the web-page
classification example originally used by the authors. Web pages can be characterized
by two distinct types of features: features characterizing the text appearing in the web
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page, and features characterizing the hyperlinks pointing to the page. The key idea is
to design two independent classifiers using the text and hyperlink features separately.
These two classifiers are trained with the initial, small, labelled data set D,, and it is
assumed that the classifiers will exhibit a low, but better than random, accuracy (it is
worth noting that this definition closely resembles the concept of “weak” classifier
used in the MCS field). Each classifier is then applied to the unlabeled examples. For
each classifier, the unlabelled examples that received the highest confidence by this
classifier are added to labelled data, so that the two classifiers contribute to increase
the data set. Both the classifiers are re-trained with this augmented data set, and the
process is repeated a specified number of times. When the co-training process
finishes, the two resulting classifiers can be combined by the product of the outputs.
However, it is worth noting that the basic co-training algorithm does not contain this
combination phase. In fact, the main goal of this approach is to increase the accuracy
of the two individual classifiers by co-training. But the reported results have shown
that the combination can further increase the classification accuracy.

Intuitively, co-training is expected to work because the two classifiers are assumed
to be “complementary”, thanks to the use of disparate features. In particular, a
classifier may assign correct labels to certain examples while it may be difficult for
the other classifier to do so. Therefore, each classifier can increase the training set to
be used by the other classifier. It should be also noted that co-training is expected to
increase the size of the training set more quickly than what each individual classifier
could do using a decision-directed, self-learning, mechanism.

Several authors reported experimental results which show the effectiveness of co-
training [9,22,28]. Blum and Mitchell provided some theoretical support for co-
training within the PAC learning framework [21]. However, the fundamental issue
about the conditions under which, and the extent at which, the use of unlabeled data
with co-training can increase classification accuracy is basically unsolved.

Although, to the best of our knowledge, co-training has always been used with just
two classifiers, Blum and Mitchell pointed out that this approach can be used with a
larger ensemble of classifiers, particularly if are “independent”. It is easy to see that
this makes co-training a good candidate for the development of semi-supervised
MCS. However, it should be noted that co-training was not originally meant as a
method to create and combine classifiers; in fact, the basic co-training algorithm does
not contain any classifier combination. Therefore, a lot of work remains to be done
about the use of co-training to create good classifier ensembles, and, in particular,
about the combination techniques when the independence assumption is likely to be
violated.

Active Learning

This approach assumes the availability of an external “oracle” to assign class labels
[9]. Basically, unlabeled examples are repeatedly selected, and the oracle (e.g., a
human expert) is asked to assign class labels to such data. The goal of active learning
is to select the most informative unlabeled examples, in order to effectively train the
classifier with the minimum number of calls to the oracle. To this end, different
selection strategies have been proposed [9]. For the purpose of this paper, the so-



