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Foreword

It started with image processing in the sixties. Back then, it took ages to
digitize a Landsat image and then process it with a mainframe computer. Pro-
cessing was inspired on the achievements of signal processing and was still
very much oriented towards programming.

In the seventies, image analysis spun off combining image measurement
with statistical pattern recognition. Slowly, computational methods detached
themselves from the sensor and the goal to become more generally applicable.

In the eighties, model-driven computer vision originated when artificial in-
telligence and geometric modelling came together with image analysis compo-
nents. The emphasis was on precise analysis with little or no interaction, still
very much an art evaluated by visual appeal. The main bottleneck was in the
amount of data using an average of 5 to 50 pictures to illustrate the point.

At the beginning of the nineties, vision became available to many with the
advent of sufficiently fast PCs. The Internet revealed the interest of the gen-
eral public im images, eventually introducing content-based image retrieval.
Combining independent (informal) archives, as the web is, urges for interac-
tive evaluation of approximate results and hence weak algorithms and their
combination in weak classifiers.

In the new century, the last analog bastion was taken. In a few years, sen-
sors have become all digital. Archives will soon follow. As a consequence
of this change in the basic conditions datasets will overflow. Computer vision
will spin off a new branch to be called something like archive-based or se-
mantic vision including a role for formal knowledge description in an ontology
equipped with detectors. An alternative view is experience-based or cognitive
vision. This is mostly a data-driven view on vision and includes the elementary
laws of image formation.

This book comes right on time. The general trend is easy to see. The meth-
ods of computation went from dedicated to one specific task to more generally
applicable building blocks, from detailed attention to one aspect like filtering
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to a broad variety of topics, from a detailed model design evaluated against a
few data to abstract rules tuned to a robust application.

From the source to consumption, images are now all digital. Very soon,
archives will be overflowing. This is slightly worrying as it will raise the level
of expectations about the accessibility of the pictorial content to a level com-
patible with what humans can achieve.

There is only one realistic chance to respond. From the trend displayed
above, it is best to identify basic laws and then to learn the specifics of the
model from a larger dataset. Rather than excluding interaction in the evaluation
of the result, it is better to perceive interaction as a valuable source of instant
learning for the algorithm.

This book builds on that insight: that the key element in the current rev-
olution is the use of machine learning to capture the variations in visual ap-
pearance, rather than having the designer of the model accomplish this. As
a bonus, models learned from large datasets are likely to be more robust and
more realistic than the brittle all-design models.

This book recognizes that machine learning for computer vision is distinc-
tively different from plain machine learning. Loads of data, spatial coherence,
and the large variety of appearances, make computer vision a special challenge
for the machine learning algorithms. Hence, the book does not waste itself on
the complete spectrum of machine learning algorithms. Rather, this book is
focussed on machine learning for pictures.

It is amazing so early in a new field that a book appears which connects
theory to algorithms and through them to convincing applications.

The authors met one another at Urbana-Champaign and then dispersed over
the world, apart from Thomas Huang who has been there forever. This book
will surely be with us for quite some time to come.

Arnold Smeulders
University of Amsterdam
The Netherlands
October, 2004



Preface

The goal of computer vision research is to provide computers with human-
like perception capabilities so that they can sense the environment, understand
the sensed data, take appropriate actions, and learn from this experience in
order to enhance future performance. The field has evolved from the applica-
tion of classical pattern recognition and image processing methods to advanced
techniques in image understanding like model-based and knowledge-based vi-
sion.

In recent years, there has been an increased demand for computer vision sys-
tems to address “real-world” problems. However, much of our current models
and methodologies do not seem to scale out of limited “toy” domains. There-
fore, the current state-of-the-art in computer vision needs significant advance-
ments to deal with real-world applications, such as navigation, target recogni-
tion, manufacturing, photo interpretation, remote sensing, etc. It is widely un-
derstood that many of these applications require vision algorithms and systems
to work under partial occlusion, possibly under high clutter, low contrast, and
changing environmental conditions. This requires that the vision techniques
should be robust and flexible to optimize performance in a given scenario.

The field of machine learning is driven by the idea that computer algorithms
and systems can improve their own performance with time. Machine learning
has evolved from the relatively “knowledge-free” general purpose learning sys-
tem, the “perceptron” [Rosenblatt, 1958], and decision-theoretic approaches
for learning [Blockeel and De Raedt, 1998], to symbolic learning of high-level
knowledge [Michalski et al., 1986], artificial neural networks [Rowley et al.,
1998a], and genetic algorithms [DeJong, 1988]. With the recent advances in
hardware and software, a variety of practical applications of the machine learn-
ing research is emerging [Segre, 1992].

Vision provides interesting and challenging problems and a rich environ-
ment to advance the state-of-the art in machine learning. Machine learning
technology has a strong potential to contribute to the development of flexible
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and robust vision algorithms, thus improving the performance of practical vi-
sion systems. Learning-based vision systems are expected to provide a higher
level of competence and greater generality. Learning may allow us to use the
experience gained in creating a vision system for one application domain to
a vision system for another domain by developing systems that acquire and
maintain knowledge. We claim that learning represents the next challenging
frontier for computer vision research.

More specifically, machine learning offers effective methods for computer
vision for automating the model/concept acquisition and updating processes,
adapting task parameters and representations, and using experience for gener-
ating, verifying, and modifying hypotheses. Expanding this list of computer
vision problems, we find that some of the applications of machine learning
in computer vision are: segmentation and feature extraction; learning rules,
relations, features, discriminant functions, and evaluation strategies; learning
and refining visual models; indexing and recognition strategies; integration of
vision modules and task-level learning; learning shape representation and sur-
face reconstruction strategies; self-organizing algorithms for pattern learning;
biologically motivated modeling of vision systems that learn; and parameter
adaptation, and self-calibration of vision systems. As an eventual goal, ma-
chine learning may provide the necessary tools for synthesizing vision algo-
rithms starting from adaptation of control parameters of vision algorithms and
systems.

The goal of this book is to address the use of several important machine
learning techniques into computer vision applications. An innovative combi-
nation of computer vision and machine learning techniques has the promise
of advancing the field of computer vision, which will contribute to better un-
derstanding of complex real-world applications. There is another benefit of
incorporating a learning paradigm in the computational vision framework. To
mature the laboratory-grown vision systems into real-world working systems,
it is necessary to evaluate the performance characteristics of these systems us-
ing a variety of real, calibrated data. Learning offers this evaluation tool, since
no learning can take place without appropriate evaluation of the results.

Generally, learning requires large amounts of data and fast computational
resources for its practical use. However, all learning does not have to be on-
line. Some of the learning can be done off-line, e.g., optimizing parameters,
features, and sensors during training to improve performance. Depending upon
the domain of application, the large number of training samples needed for
inductive learning techniques may not be available. Thus, learning techniques
should be able to work with varying amounts of a priori knowledge and data.

The effective usage of machine learning technology in real-world computer
vision problems requires understanding the domain of application, abstraction
of a learning problem from a given computer vision task, and the selection
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of appropriate representations for the learnable (input) and learned (internal)
entities of the system. To succeed in selecting the most appropriate machine
learning technique(s) for the given computer vision task, an adequate under-
standing of the different machine learning paradigms is necessary.

A learning system has to clearly demonstrate and answer the questions like
what is being learned, how it is learned, what data is used to learn, how to rep-
resent what has been learned, how well and how efficient is the learning taking
place and what are the evaluation criteria for the task at hand. Experimen-
tal details are essential for demonstrating the learning behavior of algorithms
and systems. These experiments need to include scientific experimental design
methodology for training/testing, parametric studies, and measures of perfor-
mance improvement with experience. Experiments that exihibit scalability of
learning-based vision systems are also very important.

In this book, we address all these important aspects. In each of the chapters,
we show how the literature has introduced the techniques into the particular
topic area, we present the background theory, discuss comparative experiments
made by us, and conclude with comments and recommendations.
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Chapter 1

INTRODUCTION

Computer vision has grown rapidly within the past decade, producing tools
that enable the understanding of visual information, especially for scenes with
no accompanying structural, administrative, or descriptive text information.
The Internet, more specifically the Web, has become a common channel for
the transmission of graphical information, thus moving visual information re-
trieval rapidly from stand-alone workstations and databases into a networked
environment.

Practicality has begun to dictate that the indexing of huge collections of im-
ages by hand is a task that is both labor intensive and expensive - in many
cases more than can be afforded to provide some method of intellectual ac-
cess to digital image collections. In the world of text retrieval, text “speaks
for itself” whereas image analysis requires a combination of high-level con-
cept creation as well as the processing and interpretation of inherent visual
features. In the area of intellectual access to visual information, the interplay
between human and machine image indexing methods has begun to influence
the development of computer vision systems. Research and application by
the image understanding (IU) community suggests that the most fruitful ap-
proaches to IU involve analysis and learning of the type of information being
sought, the domain in which it will be used, and systematic testing to identify
optimal methods.

The goal of computer vision research is to provide computers with human-
like perception capabilities so that they can sense the environment, understand
the sensed data, take appropriate actions, and learn from this experience in or-
der to enhance future performance. The vision field has evolved from the appli-
cation of classical pattern recognition and image processing techniques to ad-
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vanced applications of image understanding, model-based vision, knowledge-
based vision, and systems that exhibit learning capability. The ability to reason
and the ability to learn are the two major capabilities associated with these sys-
tems. In recent years, theoretical and practical advances are being made in the
field of computer vision and pattern recognition by new techniques and pro-
cesses of learning, representation, and adaptation. It is probably fair to claim,
however, that learning represents the next challenging frontier for computer
vision.

1. Research Issues on Learning in Computer Vision
In recent years, there has been a surge of interest in developing machine

learning techniques for computer vision based applications. The interest de-
rives from both commercial projects to create working products from com-
puter vision techniques and from a general trend in the computer vision field
to incorporate machine learning techniques.

Learning is one of the current frontiers for computer vision research and has
been receiving increased attention in recent years. Machine learning technol-
ogy has strong potential to contribute to:

the development of flexible and robust vision algorithms that will improve
the performance of practical vision systems with a higher level of compe-
tence and greater generality, and

the development of architectures that will speed up system development
time and provide better performance.

The goal of improving the performance of computer vision systems has
brought new challenges to the field of machine learning, for example, learning
from structured descriptions, partial information, incremental learning, focus-
ing attention or learning regions of interests (ROI), learning with many classes,
etc. Solving problems in visual domains will result in the development of new,
more robust machine learning algorithms that will be able to work in more
realistic settings.

From the standpoint of computer vision systems, machine learning can offer
effective methods for automating the acquisition of visual models, adapting
task parameters and representation, transforming signals to symbols, building
trainable image processing systems, focusing attention on target object, and
learning when to apply what algorithm in a vision system.

From the standpoint of machine learning systems, computer vision can pro-
vide interesting and challenging problems. As examples consider the follow-
ing: learning models rather than handcrafting them, learning to transfer experi-
ence gained in one application domain to another domain, learning from large
sets of images with no annotation, designing evaluation criteria for the quality
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of learning processes in computer vision systems. Many studies in machine
learning assume that a careful trainer provides internal representations of the
observed environment, thus paying little attention to the problems of percep-
tion. Unfortunately, this assumption leads to the development of brittle systems
with noisy, excessively detailed, or quite coarse descriptions of the perceived
environment.

Esposito and Malerba [Esposito and Malerba, 2001] listed some of the im-
portant research issues that have to be dealt with in order to develop successful
applications:

Can we learn the models used by a computer vision system rather than
handcrafting them?

In many computer vision applications, handcrafting the visual model of an
object is neither easy nor practical. For instance, humans can detect and
identify faces in a scene with little or no effort. This skill is quite robust,
despite large changes in the visual stimulus. Nevertheless, providing com-
puter vision systems with models of facial landmarks or facial expressions
is very difficult [Cohen et al., 2003b]. Even when models have been hand-
crafted, as in the case of page layout descriptions used by some document
image processing systems [Nagy et al., 1992], it has been observed that they
limit the use of the system to a specific class of images, which is subject to
change in a relatively short time.

How is machine learning used in computer vision systems?

Machine learning algorithms can be applied in at least two different ways
in computer vision systems:

– to improve perception of the surrounding environment, that is, to im-
prove the transformation of sensed signals into internal representations,
and

– to bridge the gap between the internal representations of the environ-
ment and the representation of the knowledge needed by the system to
perform its task.

A possible explanation of the marginal attention given to learning internal
representations of the perceived environment is that feature extraction has
received very little attention in the machine learning community, because it
has been considered application-dependent and research on this issue is not
of general interest. The identification of required data and domain knowl-
edge requires the collaboration with a domain expert and is an important
step of the process of applying machine learning to real-world problems.
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Only recently, the related issues of feature selection and, more generally,
data preprocessing have been more systematically investigated in machine
learning. Data preprocessing is still considered a step of the knowledge
discovery process and is confined to data cleaning, simple data transforma-
tions (e.g., summarization), and validation. On the contrary, many studies
in computer vision and pattern recognition focused on the problems of fea-
ture extraction and selection. Hough transform, FFT, and textural features,
just to mention some, are all examples of features widely applied in image
classification and scene understanding tasks. Their properties have been
well investigated and available tools make their use simple and efficient.

How do we represent visual information?

In many computer vision applications, feature vectors are used to represent
the perceived environment. However, relational descriptions are deemed
to be of crucial importance in high-level vision. Since relations cannot be
represented by feature vectors, pattern recognition researchers use graphs
to capture the structure of both objects and scenes, while people working
in the field of machine learning prefer to use first-order logic formalisms.
By mapping one formalism into another, it is possible to find some simi-
larities between research done in pattern recognition and machine learning.
An example is the spatio-temporal decision tree proposed by Bischof and
Caelli [Bischof and Caelli, 2001], which can be related to logical decision
trees induced by some general-purpose inductive learning systems [Block-
eel and De Raedt, 1998].

What machine learning paradigms and strategies are appropriate to the
computer vision domain?

Inductive learning, both supervised and unsupervised, emerges as the most
important learning strategy. There are several important paradigms that are
being used: conceptual (decision trees, graph-induction), statistical (sup-
port vector machines), and neural networks (Kohonen maps and similar
auto-organizing systems). Another emerging paradigm, which is described
in detail in this book, is the use of probabilistic models in general and prob-
abilistic graphical models in particular.

What are the criteria for evaluating the quality of the learning processes in
computer vision systems?

In benchmarking computer vision systems, estimates of the predictive ac-
curacy, recall, and precision [Huijsman and Sebe, 2004] are considered the
main parameters to evaluate the success of a learning algorithm. How-



Research Issues on Learning in Computer Vision 5

ever, the comprehensibility of learned models is also deemed an important
criterion, especially when domain experts have strong expectations on the
properties of visual models or when understanding of system failures is im-
portant. Comprehensibility is needed by the expert to easily and reliably
verify the inductive assertions and relate them to their own domain knowl-
edge. When comprehensibility is an important issue, the conceptual learn-
ing paradigm is usually preferred, since it is based on the comprehensibility
postulate stated by Michalski [Michalski, 1983]:

The results of computer induction should be symbolic descrip-
tions of given entities, semantically and structurally similar to those
a human expert might produce observing the same entities. Com-
ponents of these descriptions should be comprehensible as single
“chunks” of information, directly interpretable in natural language,
and should relate quantitative and qualitative concepts in an inte-
grated fashion.

When is it useful to adopt several representations of the perceived environ-
ment with different levels of abstraction?

In complex real-world applications, multi-representations of the perceived
environment prove very useful. For instance, a low resolution document
image is suitable for the efficient separation of text from graphics, while a
finer resolution is required for the subsequent step of interpreting the sym-
bols in a text block (OCR). Analogously, the representation of an aerial
view of a cultivated area by means of a vector of textural features can be
appropriate to recognize the type of vegetation, but it is too coarse for the
recognition of a particular geomorphology. By applying abstraction prin-
ciples in computer programming, software engineers have managed to de-
velop complex software systems. Similarly, the systematic application of
abstraction principles in knowledge representation is the keystone for a long
term solution to many problems encountered in computer vision tasks.

How can mutual dependency of visual concepts be dealt with?

In scene labelling problems, image segments have to be associated with a
class name or a label, the number of distinct labels depending on the dif-
ferent types of objects allowed in the perceived world. Typically, image
segments cannot be labelled independently of each other, since the inter-
pretation of a part of a scene depends on the understanding of the whole
scene (holistic view). Context-dependent labelling rules will take such con-
cept dependencies into account, so as to guarantee that the final result is
globally (and not only locally) consistent [Haralick and Shapiro, 1979].
Learning context-dependent labelling rules is another research issue, since
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most learning algorithms rely on the independence assumption, according
to which the solution to a multiclass or multiple concept learning problem
is simply the sum of independent solutions to single class or single concept
learning problems.

Obviously, the above list cannot be considered complete. Other equally
relevant research issues might be proposed, such as the development of noise-
tolerant learning techniques, the effective use of large sets of unlabeled images
and the identification of suitable criteria for starting/stopping the learning pro-
cess and/or revising acquired visual models.

2. Overview of the Book
In general, the study of machine learning and computer vision can be di-

vided into three broad categories: Theory leading to Algorithms and Applica-
tions built on top of theory and algorithms. In this framework, the applications
should form the basis of the theoretical research leading to interesting algo-
rithms. As a consequence, the book was divided into three parts. The first part
develops the theoretical understanding of the concepts that are being used in
developing algorithms in the second part. The third part focuses on the anal-
ysis of computer vision and human-computer interaction applications that use
the algorithms and the theory presented in the first parts.

The theoretical results in this book originate from different practical prob-
lems encountered when using machine learning in general, and probabilistic
models in particular, to computer vision and multimedia problems. The first
set of questions arise from the high dimensionality of models in computer vi-
sion and multimedia. For example, integration of audio and visual informa-
tion plays a critical role in multimedia analysis. Different media streams (e.g.,
audio, video, and text, etc.) may carry information about the task being per-
formed and recent results [Brand et al., 1997; Chen and Rao, 1998; Garg et al.,
2000b] have shown that improved performance can be obtained by combining
information from different sources compared with the situation when a single
modality is considered. At times, different streams may carry similar informa-
tion and in that case, one attempts to use the redundancy to improve the perfor-
mance of the desired task by cancelling the noise. At other times, two streams
may carry complimentary information and in that case the system must make
use of the information carried in both channels to carry out the task. However,
the merits of using multiple streams is overshadowed by the formidable task of
learning in high dimensional which is invariably the case in multi-modal infor-
mation processing. Although, the existing theory supports the task of learning
in high dimensional spaces, the data and model complexity requirements posed
are typically not met by the real life systems. Under such scenario, the existing
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results in learning theory falls short of giving any meaningful guarantees for
the learned classifiers. This raises a number of interesting questions:

Can we analyze the learning theory for more practical scenarios?

Can the results of such analysis be used to develop better algorithms?

Another set of questions arise from the practical problem of data availabil-
ity in computer vision, mainly labeled data. In this respect, there are three
main paradigms for learning from training data. The first is known as super-
vised learning, in which all the training data are labeled, i.e., a datum contains
both the values of the attributes and the labeling of the attributes to one of
the classes. The labeling of the training data is usually done by an external
mechanism (usually humans) and thus the name supervised. The second is
known as unsupervised learning in which each datum contains the values of
the attributes but does not contain the label. Unsupervised learning tries to find
regularities in the unlabeled training data (such as different clusters under some
metric space), infer the class labels and sometimes even the number of classes.
The third kind is semi-supervised learning in which some of the data is labeled
and some unlabeled. In this book, we are more interested in the latter.

Semi-supervised learning is motivated from the fact that in many computer
vision (and other real world) problems, obtaining unlabeled data is relatively
easy (e.g., collecting images of faces and non-faces), while labeling is difficult,
expensive, and/or labor intensive. Thus, in many problems, it is very desirable
to have learning algorithms that are able to incorporate a large number of un-
labeled data with a small number of labeled data when learning classifiers.

Some of the questions raised in semi-supervised learning of classifiers are:

Is it feasible to use unlabeled data in the learning process?

Is the classification performance of the learned classifier guaranteed to im-
prove when adding the unlabeled data to the labeled data?

What is the value of unlabeled data?

The goal of the book is to address all the challenging questions posed so
far. We believe that a detailed analysis of the way machine learning theory can
be applied through algorithms to real-world applications is very important and
extremely relevant to the scientific community.

Chapters 2, 3, and 4 provide the theoretical answers to the questions posed
above. Chapter 2 introduces the basics of probabilistic classifiers. We argue
that there are two main factors contributing to the error of a classifier. Because
of the inherent nature of the data, there is an upper limit on the performance
of any classifier and this is typically referred to as Bayes optimal error. We
start by analyzing the relationship between the Bayes optimal performance of
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a classifier and the conditional entropy of the data. The mismatch between
the true underlying model (one that generated the data) and the model used
for classification contributes to the second factor of error. In this chapter, we
develop bounds on the classification error under the hypothesis testing frame-
work when there is a mismatch in the distribution used with respect to the true
distribution. Our bounds show that the classification error is closely related to
the conditional entropy of the distribution. The additional penalty, because of
the mismatched distribution, is a function of the Kullback-Leibler distance be-
tween the true and the mismatched distribution. Once these bounds are devel-
oped, the next logical step is to see how often the error caused by the mismatch
between distributions is large. Our average case analysis for the independence
assumptions leads to results that justify the success of the conditional inde-
pendence assumption (e.g., in naive Bayes architecture). We show that in most
cases, almost all distributions are very close to the distribution assuming condi-
tional independence. More formally, we show that the number of distributions
for which the additional penalty term is large goes down exponentially fast.

Roth [Roth, 1998] has shown that the probabilistic classifiers can be always
mapped to linear classifiers and as such, one can analyze the performance of
these under the probably approximately correct (PAC) or Vapnik-Chervonenkis
(VC)-dimension framework. This viewpoint is important as it allows one to
directly study the classification performance by developing the relations be-
tween the performance on the training data and the expected performance on
the future unseen data. In Chapter 3, we build on these results of Roth [Roth,
1998]. It turns out that although the existing theory argues that one needs large
amounts of data to do the learning, we observe that in practice a good gen-
eralization is achieved with a much small number of examples. The existing
VC-dimension based bounds (being the worst case bounds) are too loose and
we need to make use of properties of the observed data leading to data depen-
dent bounds. Our observation, that in practice, classification is achieved with
good margin, motivates us to develop bounds based on margin distribution.
We develop a classification version of the Random projection theorem [John-
son and Lindenstrauss, 1984] and use it to develop data dependent bounds. Our
results show that in most problems of practical interest, data actually reside in
a low dimensional space. Comparison with existing bounds on real datasets
shows that our bounds are tighter than existing bounds and in most cases less
than 0.5.

The next chapter (Chapter 4) provides a unified framework of probabilistic
classifiers learned using maximum likelihood estimation. In a nutshell, we dis-
cuss what type of probabilistic classifiers are suited for using unlabeled data
in a systematic way with the maximum likelihood learning, namely classifiers
known as generative. We discuss the conditions under which the assertion
that unlabeled data are always profitable when learning classifiers, made in
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the existing literature, is valid, namely when the assumed probabilistic model
matches reality. We also show, both analytically and experimentally, that unla-
beled data can be detrimental to the classification performance when the condi-
tions are violated. Here we use the term ‘reality’ to mean that there exists some
true probability distribution that generates data, the same one for both labeled
and unlabeled data. The terms are more rigourously defined in Chapter 4.

The theoretical analysis although interesting in itself gets really attractive if
it can be put to use in practical problems. Chapters 5 and 6 build on the results
developed in Chapters 2 and 3, respectively. In Chapter 5, we use the results
of Chapter 2 to develop a new algorithm for learning HMMs. In Chapter 2, we
show that conditional entropy is inversely related to classification performance.
Building on this idea, we argue that when HMMs are used for classification,
instead of learning parameters by only maximizing the likelihood, one should
also attempt to minimize the conditional entropy between the query (hidden)
and the observed variables. This leads to a new algorithm for learning HMMs
- MMIHMM. Our results on both synthetic and real data demonstrate the su-
periority of this new algorithm over the standard ML learning of HMMs.

In Chapter 3, a new, data-dependent, complexity measure for learning – pro-
jection profile – is introduced and is used to develop improved generalization
bounds. In Chapter 6, we extend this result by developing a new learning algo-
rithm for linear classifiers. The complexity measure – projection profile – is a
function of the margin distribution (the distribution of the distance of instances
from a separating hyperplane). We argue that instead of maximizing the mar-
gin, one should attempt to directly minimize this term which actually depends
on the margin distribution. Experimental results on some real world problems
(face detection and context sensitive spelling correction) and on several UCI
data sets show that this new algorithm is superior (in terms of classification
performance) over Boosting and SVM.

Chapter 7 provides a discussion of the implication of the analysis of semi-
supervised learning (Chapter 4) when learning Bayesian network classifiers,
suggesting and comparing different approaches that can be taken to utilize pos-
itively unlabeled data. Bayesian networks are directed acyclic graph models
that represent joint probability distributions of a set of variables. The graphs
consist of nodes (vertices in the graph) which represent the random variables
and directed edges between the nodes which represent probabilistic dependen-
cies between the variables and the casual relationship between the two con-
nected nodes. With each node there is an associated probability mass function
when the variable is discrete, or probability distribution function, when the
variable is continuous. In classification, one of the nodes in the graph is the
class variable while the rest are the attributes. One of the main advantages of
Bayesian networks is the ability to handle missing data, thus it is possible to
systematically handle unlabeled data when learning the Bayesian network. The
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structure of a Bayesian network is the graph structure of the network. We show
that learning the graph structure of the Bayesian network is key when learn-
ing with unlabeled data. Motivated by this observation, we review the existing
structure learning approaches and point out to their potential disadvantages
when learning classifiers. We describe a structure learning algorithm, driven
by classification accuracy and provide empirical evidence of the algorithm’s
success.

Chapter 8 deals with automatic recognition of high level human behavior.
In particular, we focus on the office scenario and attempt to build a system
that can decode the human activities (phone conversation, face-to-face conver-((
sation, presentation mode, other activity, nobody around, and distant conver-
sation). Although there has been some work in the area of behavioral anal-
ysis, this is probably the first system that does the automatic recognition of
human activities in real time from low-level sensory inputs. We make use of
probabilistic models for this task. Hidden Markov models (HMMs) have been
successfully applied for the task of analyzing temporal data (e.g. speech). Al-
though very powerful, HMMs are not very successful in capturing the long
term relationships and modeling concepts lasting over long periods of time.
One can always increase the number of hidden states but then the complexity
of decoding and the amount of data required to learn increases many fold. In
our work, to solve this problem, we propose the use of layered (a type of hier-
archical) HMMs (LHMM), which can be viewed as a special case of Stacked
Generalization [Wolpert, 1992]. At each level of the hierarchy, HMMs are
used as classifiers to do the inference. The inferential output of these HMMs
forms the input to the next level of the hierarchy. As our results show, this new
architecture has a number of advantages over the standard HMMs. It allows
one to capture events at different level of abstraction and at the same time is
capturing long term dependencies which are critical in the modeling of higher
level concepts (human activities). Furthermore, this architecture provides ro-
bustness to noise and generalizes well to different settings. Comparison with
standard HMM shows that this model has superior performance in modeling
the behavioral concepts.

The other challenging problem related to multimedia deals with automatic
analysis/annotation of videos. This problem forms the topic of Chapter 9. Al-
though similar in spirit to the problem of human activity recognition, this prob-
lem gets challenging because of the limited number of modalities (audio and
vision) and the correlation between them being the key in event identification.
In this chapter, we present a new algorithm for detecting events in videos,
which combines the features with temporal support from multiple modalities.
This algorithm is based on a new framework “Duration dependent input/output
Markov models (DDIOMM)”. Essentially DDIOMM is a time varying Markov
model (state transition matrix is a function of the inputs at any given time) and
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the state transition probabilities are modified to explicitly take into account the
non-exponential nature of the durations of various events being modeled. Two
main features of this model are (a) the ability to account for non-exponential
duration and (b) the ability to map discrete state input sequences to decision
sequences. The standard algorithms modeling the video-events use HMMs
which model the duration of events as an exponentially decaying distribution.
However, we argue that the duration is an important characteristic of each event
and we demonstrate it by the improved performance over standard HMMs in
solving real world problems. The model is tested on the audio-visual event ex-
plosion. Using a set of hand-labeled video data, we compare the performance
of our model with and without the explicit model for duration. We also com-
pare the performance of the proposed model with the traditional HMM and
observe an improvement in detection performance.

The algorithms LHMM and DDIOMM presented in Chapters 8 and 9, re-
spectively, have their origins in HMM and are motivated by the vast literature
on probabilistic models and some psychological studies arguing that human
behavior does have a hierarchical structure [Zacks and Tversky, 2001]. How-
ever, the problem lies in the fact that we are using these probabilistic models
for classification and not purely for inferencing (the performance is measured
with respect to the 0−1 loss function). Although one can use arguments related
to Bayes optimality, these arguments fall apart in the case of mismatched dis-
tributions (i.e. when the true distribution is different from the used one). This
mismatch may arise because of the small number of training samples used for
learning, assumptions made to simplify the inference procedure (e.g. a num-
ber of conditional independence assumptions are made in Bayesian networks)
or may be just because of the lack of information about the true model. Fol-
lowing the arguments of Roth [Roth, 1999], one can analyze these algorithms
both from the perspective of probabilistic classifiers and from the perspective
of statistical learning theory. We apply these algorithms to two distinct but re-
lated applications which require machine learning techniques for multimodal
information fusion: office activity recognition and multimodal event detection.

Chapters 10 and 11 demonstrate the theory and algorithms of semi-
supervised learning (Chapters 4 and 7) to two classification tasks related to hu-
man computer intelligent interaction. The first is facial expression recognition
from video sequences using non-rigid face tracking results as the attributes.
We show that Bayesian networks can be used as classifiers to recognize facial
expressions with good accuracy when the structure of the network is estimated
from data. We also describe a real-time facial expression recognition system
which is based on this analysis. The second application is frontal face de-
tection from images under various illuminations. We describe the task and
show that learning Bayesian network classifiers for detecting faces using our


