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Preface

This state-of-the-art book describes important advances in type-2 fuzzy systems that
have been made in the past decade for real-world pattern recognition problems,
such as speech recognition, handwriting recognition, and topic modeling. The
success of type-2 fuzzy sets has been largely attributed to their three-dimensional
membership functions to handle both randomness and fuzziness uncertainties in
real-world problems. In pattern recognition, both features and models have
uncertainties, such as nonstationary babble noise in speech signals, large variations
of handwritten Chinese character shapes, uncertain meaning of words in topic
modeling, and uncertain parameters of models because of insufficient and noisy
training data. All these uncertainties motivate us to integrate type-2 fuzzy sets with
probabilistic graphical models to achieve better overall performance in terms of
robustness, generalization ability, or recognition accuracy. For example, we inte-
grate type-2 fuzzy sets with graphical models such as Gaussian mixture models,
hidden Markov models, Markov random fields, and latent Dirichlet allocation-
based topic models for pattern recognition. The type-2 fuzzy Gaussian mixture
models can describe uncertain densities of observations. The type-2 fuzzy hidden
Markov models incorporate the first-order Markov chain into the type-2 fuzzy
Gaussian mixture models, which is suitable for modeling uncertain speech signals
under babble noise. The type-2 fuzzy Markov random fields combine type-2 fuzzy
sets with Markov random fields, which is able to handle large variations in struc-
tural patterns such as handwritten Chinese characters. The type-2 fuzzy topic
models focus on uncertain mixed membership of words to different topical clusters,
which is effective to partition the observed (visual) words into semantically
meaningful topical themes. In conclusion, these real-world pattern recognition
applications demonstrate the effectiveness of type-2 fuzzy graphical models for
handling uncertainties.

Suzhou, May 2013 Jia Zeng
Hong Kong Zhi-Qiang Liu
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Chapter 1
Introduction

Abstract This chapter overviews the whole book. First, we introduce some fun-
damental concepts in pattern recognition. Pattern recognition can be viewed as a
labeling process that bridges human (machine) perceptions to linguistic labels. Sec-
ond, we motivate the use of probabilistic graphical models and type-2 fuzzy sets
to handle two important uncertainties, namely randomness and fuzziness, existing
universally in the labeling problem. Finally, we summarize our contributions, and
provide the structure of this book.

1.1 Pattern Recognition

The term pattern recognition encompasses a wide range of information processing
problems of great practical significance, from speech recognition to the classification
of handwritten characters [1]. By patterns, we understand any relations, regularities,
or structure inherent in some source of data [7]. Pattern recognition takes in raw data
and makes decisions based on the “category” of the pattern [3], which deals with
the automatic detection of patterns in data, and plays a crucial role in many modern
artificial intelligence and computer science problems.

As shown in Fig. 1.1, the pattern recognition system includes five basic compo-
nents: (1) sensing, (2) segmentation, (3) feature extraction, (4) classification, and
(5) post-processing, where the components (1)—(3) simulate the human perception
leading to the feature space, and the components (4)—(5) assign the linguistic labels
to features for classification. From Fig. 1.1, we may view pattern recognition as a
labeling process that uses linguistic labels (classes) to interpret the machine percep-
tion. Mathematically, the pattern recognition system reflects a functional relationship
between the input and the output decision. This function is sometimes referred to as
the decision function. Usually, we will choose a particular set or class of candidate
functions known as hypotheses before we begin trying to determine the correct func-
tion. The ability of a hypothesis to correctly classify data not in the training set is
known as its generalization. The process of determining the correct function (often

© Tsinghua University Press, Beijing and Springer-Verlag Berlin Heidelberg 2015 1
J. Zeng and Z.-Q. Liu, Type-2 Fuzzy Graphical Models for Pattern Recognition,
Studies in Computational Intelligence 591, DOI 10.1007/978-3-662-44690-4_1
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Fig. 1.1 The structure of the pattern recognition system

a number of adjustable parameters) on the basis of examples of input/output func-
tionality is called learning or training. When the examples are input/output pairs,
it is called supervised learning. The examples for training are generally referred to
as the training data. The learning algorithm takes the training data as input, and
selects a hypothesis from the hypothesis space. So the learning algorithm connects
the feature space and the hypothesis space. Figure 1.1 shows two layers, signal level
and semantic level, of the pattern recognition system. They correspond to machine
perception and linguistic labels as well as feature space and hypothesis space.
Based on the above, pattern recognition involves three central problems:

. How to extract features so that the feature space can be partitioned efficiently;

. How to choose the set of hypotheses so that the hypothesis space contains the
correct representation of the decision function;

3. How to design the learning algorithm to automatically determine the decision

function from the feature space and hypothesis space.

DN

To solve above problems, we have to incorporate knowledge about the problem
domain called prior knowledge. The choice of the distinguishing features is to achieve
a “good” pattern representation, and depends on the characteristics of the problem
domain. The representation may naturally reveal the structural relationships among
the components, and express the true underlying model of the patterns. We favor
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a small number of features, which may lead to both simpler decision regions and
learning algorithm for classifiers [3]. The second problem is associated with the
choice of functions that can best describe the variations of features within class.
In this book, we assume a parametric form of the decision function so that the
hypothesis space has a specific functional form with undetermined parameters. Hence
prior knowledge about distinguishing features and the functional form of hypothesis
plays a major role in successful pattern recognition systems. Therefore, the learning
algorithm in the context of this book determines the parameters of the decision
function based on the training data. The learning process adapts the hypothesis to fit
the training data. In the meanwhile, we hope that the hypothesis is not only consistent
with the training data, but also generalizes well to the unknown test data.

This book mainly focuses on handling uncertainties in pattern recognition. Specif-
ically, we combine two techniques, probabilistic graphical models [4] and type-2
fuzzy sets [5], to handle some sources of uncertainties, and hope to improve the
performance of pattern recognition systems.

1.2 Uncertainties

Inevitably, pattern recognition has to deal with uncertainties. In statistical pattern
recognition, we focus on the statistical properties of patterns in terms of random-
ness, which is generally expressed in probability density functions (PDFs). The
features are often called observations. The success of statistical pattern recognition
has been largely due to its ability to recover the model that generated the patterns.
It assumes the models which give rise to the data do not themselves evolve with
time, i.e., the sources of data are stationary. Hence the probability densities with
parameters estimated from a large amount of training data are enough to represent
the random uncertainty of patterns. Note that the sufficient training data play key
roles to characterize randomness in both practical and theoretical aspects.
Graphical models [2, 4, 6] use Markov properties as special hypotheses that can
statistically represent the structural relationships in observations. They define the
most important structural information by the neighborhood system, and encode such
information in terms of randomness in the PDFs. To achieve the lowest probability
of classification error, the Bayesian decision theory [3] provides the optimal decision
boundary as shown in Fig. 1.2a, b. Two graphical models, namely hidden Markov
models (HMMs) and Markov random fields (MRFs), have been widely explored
as hypotheses for modeling sequential and two-dimensional patterns, respectively.
The difference between HMMs and MRF:s lies in their neighborhood systems. For
example, HMMs are suitable acoustic models for phonemes, because HMMs reflect
phonemes piece-wise stationary properties. On the other hand, MRFs are good at
describing the stroke relationships of handwritten characters. The main advantages
of using graphical models are twofold: Markov properties are able to model pat-
terns statistical-structurally in terms of randomness. Besides, graphical models have
efficient leaning and decoding algorithms with a tractable computational complexity.
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(b)

(d)

Fig. 1.2 The uncertainties exist in both the feature and hypothesis spaces. In a and b, the hypothesis
space describes the randomness in the feature space, and the decision boundary is a solid line for
two pattern classes, namely circles and squares. In ¢ and d, after incorporating fuzziness, the fuzzy
(the shaded region) hypothesis space describes both randomness and fuzziness in the fuzzy feature
space, and the decision boundary becomes fuzzy denoted by the shaded line

However, in practice, we often encounter uncertainties that cannot be character-
ized by randomness as follows.

1. Uncertain Feature Space: Features (training and test data) may be corrupted by
noise. Measurement noise is non-stationary, and the mathematical description of
the non-stationarity is unknown (e.g., as in a time-varying signal-to-noise ratio
(SNR)) (Fig.1.2¢);

2. Uncertain Hypothesis Space: Insufficient or noisy training data may result in
uncertain parameters of the hypothesis, so that the decision boundary is also
uncertain (Fig. 1.2d);

3. Non-stationarity: Features have statistical attributes that are non-stationary, and
the mathematical descriptions of the non-stationarity are unknown.

All of these uncertainties can be considered as fuzziness resulting from incomplete
prior knowledge, i.e., fuzzy features (we do not know if the training data are clean,
stationary, and sufficient), fuzzy hypothesis (we do not know if the parameters imply
the correct mapping), and fuzzy attributes (we do not know the attributes exactly).
Type-2 fuzzy sets is a good choice to describe the bounded uncertainty in both
the feature and hypothesis spaces. Type-2 fuzzy sets have grades of membership
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01 02 03 04 05 06 07 08

o 1 2 3 4 5 6 9 10

% L(z) C(x) Ula)
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Fig. 1.3 A type-2 membership grade can be any subset in [0, 1]—the primary membership and
corresponding to each primary membership, there is a secondary membership (which can also be
in [0, 1]) that defines the possibilities for the primary membership. The left shows the uncertainty
of the primary membership. The right shows the corresponding secondary membership of one of
the bounded vertical-slice primary memberships [L(x), U (x)] given the input x

that are themselves fuzzy. A type-2 membership grade can be any subset in [0, 1]—
the primary membership and corresponding to each primary membership, there is
a secondary membership (which can be in [0, 1]) that defines the possibilities for
the primary membership [5]. Figure 1.3 shows an example of the type-2 fuzzy set.
The primary membership is uncertain denoted by the bounded shaded region on the
left, where its uncertainty is measured by the secondary membership on the right.
Note that at each input x, the uncertainty of primary membership is reflected by the
bounded interval [L(x), U (x)]. Hence, type-2 fuzzy sets provide a natural framework
to simultaneously handle more uncertainties thanks to their three-dimensional mem-
bership functions. Using primary memberships, we may handle the randomness. On
the other hand, we can handle the fuzziness of primary memberships by secondary
memberships. Both randomness and fuzziness can propagate in the system through
type-2 fuzzy set operations. By incorporating type-2 fuzzy sets, we can describe the
fuzzy feature and hypothesis in terms of bounded uncertainty. We have two major
advantages of using type-2 fuzzy sets: they can characterize patterns in terms of both
randomness and fuzziness; meanwhile, type-2 fuzzy sets retain a controlled degree
(bounded) of uncertainty based on prior knowledge.

In conclusion, on the one hand, we motivate the use of graphical models to repre-
sent structural patterns statistically. On the other hand, we incorporate type-2 fuzzy
sets to handle both randomness and fuzziness within a unified framework.
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1.3 Book Overview

In this book, we have made several contributions in the following four aspects:

L

We propose pattern recognition as the labeling problem, and use graphical models
to describe the probabilistic interdependence of the labels. Four graphical models
have been studied in deep, namely Gaussian mixture models (GMMs), hidden
Markov models (HMMs), Markov random fields (MRFs), and latent Dirichlet
allocation (LDA), where GMMs can detect probabilistic densities, HMMs are
suitable to model one-dimensional sequential observations, MRFs are good at
two-dimensional labeling problems, and LDA is used for probabilistic topic mod-
eling tasks. By employing the Bayesian decision theory, we formulate the learn-
ing and decoding algorithms to obtain the best labeling configuration. We regard
graphical models as a statistical-structural pattern recognition paradigm, because
they statistically describe the structural information of labels and observations.

. We investigate the mechanism of type-2 fuzzy sets for handling uncertainties. The

three-dimensional membership function enables type-2 fuzzy sets to handle more
uncertainties within a unified framework. Two important properties, secondary
membership function and foot print of uncertainty, determine the capability of
type-2 fuzzy sets for modeling bounded uncertainty. Also we review the recent
advances of type-2 fuzzy sets for pattern recognition.

. The major contribution of this book is that we integrate graphical models with

type-2 fuzzy sets referred to as the type-2 fuzzy graphical models to handle both
random and fuzzy uncertainties within a unified framework. We have developed
the learning and decoding algorithms of the type-2 fuzzy graphical models based
on type-2 fuzzy set operations. We show that the type-2 fuzzy graphical models
can be viewed as embedded with many classical graphical models, so that the
expressive power of type-2 fuzzy graphical models have been greatly enhanced.

. We extensively explore many pattern recognition applications, such as density

estimation, speech recognition, handwritten Chinese character recognition, and
topic modeling of visual words for human action recognition. The experimental
results are encouraging, which confirm the validity of the proposed type-2 fuzzy
graphical models.

The first chapter is an introduction to the principal concepts of pattern recog-

nition, and motivates the use of graphical models and type-2 fuzzy sets to handle
uncertainties in pattern recognition. Chapter 2 deals with the labeling problem by
using graphical models to model the probabilistic interdependency of labels. Type-2
fuzzy sets and fuzzy logic systems are introduced in Chap. 3. We handle random and
fuzzy uncertainties within a unified type-2 fuzzy graphical model framework, and
extends the graphical models’ learning and decoding algorithms using type-2 fuzzy
sets operations. Chapter 4 integrates type-2 fuzzy sets with Gaussian mixture models
to estimate densities from noisy and insufficient data. Chapter 5 shows how to use
type-2 fuzzy hidden Markov models to handle babble noise in speech recognition.
Chapter 6 introduces how to use type-2 fuzzy Markov random fields to differentiate



