
1 I NTRODUCTION

1.1 BASIC CONCEPTS IN PATTERN RECOGNITION

Pattern recognition is characteristic to all living organisms. However,
different creatures recognize differently. If a human would recognize
another human by sight, by voice or by handwriting, a dog may recognize
a human or other animal by smell thirty yards away which most humans
are incapable of doing. Yet most dogs are unimpressed by looking at the
mirror since they do not actually recognize another dog over there. A
blind person would recognize various items just by touching them. But
recognition is not restricted to objects that can be identified using
biological senses. In a conversation we can suddenly identify an old
argument that we heard years ago. All of these examples are classified as
recognition.

The object which is inspected for the "recognition" process is called a
pattern. Usually we refer to a pattern as a description of an object which
we want to recognize. In this text we are interested in spatial patterns like
humans, apples, fingerprints, electrocardiograms or chromosomes. In
most cases a pattern recognition problem is a problem of discriminating
between different populations. For example we may be interested among
a thousand humans to discriminate between four different types: (a) tall
and thin (b) tall and fat (c) short and thin (d) short and fat. We thus want
to classify each person in one of four populations. The recognition process
thus turns into classification. To determine which class the person
belongs to, we must first find which features are going to determine this
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classification. The age of the person is clearly not a feature in this case.
A reasonable choice of course is the pair of numbers (height, weight) and

we thus perform a feature selection for this particular problem. Getting

these measurements is called feature extraction.
At times feature selection may be an easy task while feature extraction

is too costly. In this case we may look for an alternative way of selecting
features or go ahead and extract the features of the original selection. It is
not recommended to start compromising and choose less adequate features
which are easier to extract. Suppose for example that a certain medical
test, very expensive, is necessary to determine (together with other tests)
whether a patient has some severe disease. No competent doctor would
even consider dropping that test in order to `simplify' the feature

extraction.
Forecasting the weather is based upon inspecting a weather map. The

map itself is raw input data on which we perform preprocessing. The

features to look for are usually known to the professional due to vast
experience. The preprocessing here includes extracting these features and

identify noise. For an expert, one glance at a weather map is enough to
produce a reasonable weather forecast. The expert knows what features to
look for and if extracting them is not complicated, forecasting is
straightforward. In general we may insert the knowledge acquired by
experts in this field into an expert system that will replace the expert and
will (almost) always provide a good weather forecast.

Medical diagnosis is another example of a pattern recognition problem
where feature selection is a very delicate process since quite often human
life is in stake. The features are usually some test results like blood
pressure or blood sugar rate, or symptoms like `coughing at night' or not
having feeling in the forefinger'. Features of a completely different nature
are `no heart problem in the family' or `the patient had already this
disease'. An appropriate feature extraction in medical diagnosis rely first
on the objective test results and then on the patient's ability to provide an
accurate description of the symptoms and `related facts' in his family
history. It is more than relevant for example for a person who is treated
for hearing loss, to mention whether there are deaf people in his family.

In designing a pattern recognition system, i.e. a system that will be
able to obtain an unknown incoming pattern and classify it in one (or
more) of several given classes, we clearly want to employ all the available
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related information that was previously accumulated. We assume that

some sample patterns with known classification are available. These

patterns with their typical attributes form a training set which provides

relevant information how to associate between input data and decision

making. By using the training set the pattern recognition system may learn

various types of information like statistical parameters, relevant features,

etc.

The dominant concept in pattern recognition is that of clustering. A
cluster consists of a number of similar objects (patterns ) which are
grouped together . We may consider a cluster of points in the n-
dimensional space , a cluster of stars which seem to be grouped together or
a cluster of people in the community whose annual income is under
$20,000 per year. If we consider a cluster of people with `low' income we
take a further step and define a fuzzy cluster . Clustering given input data
is a major subject in pattern recognition . It consists of dividing the data
into clusters and establishing the cluster centers and cluster boundaries.
An a priori knowledge of the number of clusters and their approximate
locations definitely simplifies our task. We then carry a supervised
learning process . If the data is of no known characteristic we obtain an
unsupervised learning process.

Given input data it can be clustered in several ways. For example let
the input consist of all the schools in town . If we cluster them
geographically we get one set of clusters . If on the other hand we find
similarity between schools only if the number of their students is similar,
we obtain a different set of clusters . If we consider the attribute ` quality'
we obtain a third set of clusters and this last partition is even ambiguous
since people measure `quality ' differently.

1.2 CLASSIFIERS

The final goal in pattern recognition is classification of a pattern. From
the original information that we obtain about the pattern we first identify
the relevant features and then use a feature extractor to measure them.
These measurements are then passed to a classifier which performs the
actual classification, i.e., determines at which of the existing classes to
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classify the pattern. If the pattern is for example `noise' it is rejected by
the classifier.

In this section we assume the existence of natural grouping, i.e. we
have some a priori knowledge about the classes and the data. For example
we may know the exact or approximate number of the classes and the
correct classification of some given patterns which are called the training
patterns. Usually, it is this type of information and the type of the features
that may suggest which classifier to apply for a given application.

Decision Functions

When the number of classes is known and when the training patterns are
such that there is geometrical separation between the classes we can often
use a set of decision functions to classify an unknown pattern. Consider

for example a case where two classes C, and C2 exist in R" and a

hyperplane d (x) = 0 which separates between their patterns can be found.

Then we can use the decision function d (x) as a linear classifier and

classify each new pattern by

d(x)>0=>xE C,

(1.2.1)
d(x)<0=>xE C2

The hyperplane d (x) = 0 is called a decision boundary. If a set of

hyperplanes can separate between m given classes in R", these classes are

linearly separable. Quite often a set of classes cannot be discriminated by
linear decision functions. In this case we can either use generalized
decision functions (nonlinear) in the original pattern space, i.e. use. a
nonlinear classifier or transform the problem to a space of a much higher
dimension where classification is carried using linear boundaries.

Minimum-Distance Classifiers

If the training patterns seem to form clusters we often use classifiers which
use distance functions for classification. If each class is represented by a
single prototype called the cluster center, we can use a minimum-distance
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classifier to classify a new pattern. A similar modified classifier is used if
every class consists of several clusters. The nearest-neighbor classifier
classifies a new pattern by measuring its distances from the training
patterns and choosing the class to which the nearest neighbor belongs.

Sometimes the a priori information is the exact or approximate
number of classes c. Each training pattern is in one of these classes but its
specific classification is not known. In this case we use algorithms to
determine the cluster (class) centers by minimizing some performance
index. These centers are found iteratively and then a new pattern is
classified using a minimum-distance classifier. One such algorithm is
c-Means where the exact number of classes is known. A more ambiguous
situation is assumed by the ISODATA algorithm. We only have a desired
number k of clusters and the final number of classes which is determined
by the algorithm cannot be much higher or much lower than k.

Statistical Approach

Many times the training patterns of various classes overlap for example
when they are originated by some statistical distributions. In this case a
statistical approach is appropriate, particularly when the various
distribution functions of the classes are known. A statistical classifier
must also evaluate the risk associated with every classification which
measures the probability of misclassification. The Bayes classifier based
on Bayes formula from probability theory minimizes the total expected
risk. To use Bayes classifier one must know a priori the pattern
distribution function for each class. If these distributions are not known
they must be approximated using the training patterns. Sometimes the
functional form of these distributions is known and one must only estimate
its parameters. However, in some applications even the distribution's
form is unknown and must (approximately) be found. To do so we may
for example perform functional approximation using expansions by
orthogonal functions.

Fuzzy Classifiers

Quite often classification is performed with some degree of uncertainty.
Either the classification outcome itself may be in doubt, or the classified



6 CHAPTER 1 INTRODUCTION

pattern x may belong in some degree to more than one class. Fore
example a person 5'8" tall does not fully belong to the class `tall', yet at
the same time he cannot be fully accepted in the class ` short ' (provided
that only these two classes exist). We thus naturally introduce fuzzy
classification where a pattern is a member of every class with some grade
of membership between 0 and 1. In this text we are mainly interested in
fuzzy classification using equivalence relations and in fuzzy clustering.
The crisp c-Means algorithm is generalized and replaced by the fuzzy c-
Means and after the cluster centers are determined, each incoming pattern
is given a final set of grades of membership which determine the degrees
of its classification in the various clusters.

Syntactic Approach

Unlike the previous approaches, the syntactic pattern recognition utilizes
the structure of the patterns. Instead of carrying an analysis based strictly
on quantitative characteristics of the pattern, we emphasize the
interrelationships between the primitives, the components which compare
the pattern. Typical patterns which are subject to syntactic pattern
recognition research are therefore characters, fingerprints, chromosomes,
etc. The analogy between the structure of some patterns and the syntax of
a language which has a solid theoretical basis is very attractive. By
introducing the concept of a formal grammar and language we are able to
design syntax classifiers that can classify a given pattern which is now
presented as a string of symbols. In general, given a specific class, a
grammar whose language consists of patterns in this class is designed. For
an unknown new pattern a syntax classifier analyzes the pattern (a string)
in a process called parsing and determines whether or not that string
belongs to the language (class).

Neural Nets

The neural net approach assumes as other apporaches before that a set of
training patterns and their correct classifications is given. The
architecture of the net which includes input layer, output layer and hidden
layers may be very complex. It is characterized by a set of weights and
activation function which determine how any information (input signal) is
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being transmitted to the output layer. The neural net is trained by training
patterns and adjusts the weights until the correct classifications are
obtained. It is then used to classify arbitrary unknown patterns. There are
several popular neural net classifiers, from the simple perceptron to the
more advanced backpropagation classifier.

Pattern recognition and classification have been used for numerous
applications. A detailed list is given below:

1. Scientific Applications:
(a) Astronomy : telescope resolution improvements and atmospheric

degradation removal.
(b) Geology-planetary exploration : crater counts , color analysis,

robotics , topography , atmospheric measurements and analysis,
landing site and related evaluations , and terrestrial geologic feature
analysis and charting.

(c) Geology-cartography and geodesy : mosaicing, surface model
fitting, and maps (making and alteration).

(d) Bubble chamber tracking and electron microscope crystallography.
(e) Satellite data analysis.
(f) Sensing for life and date analysis on remote planets.

2. Life and Behavioral Sciences:
(a) Anthropology.
(b) Archeology.
(c) Entomology.
(d) Biology and botany: microbiology, ecology, and zoology.
(e) Psychology: sociological aspects and criminological aspects.
(f) Cybernetics.
(g) Information management systems.
(h) Education.
(i) Communication.

3. Industrial Applications:
(a) Character recognition.
(b) Image controlled machines (process control).
(c) Signature analysis.
(d) Speech analysis.
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(e) Photographic recognition.
(f) Mineral exploration (subsurface analysis).
(g) Internal flow detection (X-ray and sonic).
(h) Commercial photograph enhancement.
(i) Multimedia and animation.
(j) Electronic toys design.
(k) Automated cytology.

4. Medical Applications:
(a) Microscopic examination and biomedical data: blood cell counting

and blood tests, cancer cell identification and tests, neuron
measurements, chromosome karyotyping, bone composition
analysis, automated focusing and positioning, and brain-tissue
studies.

(b) Radioisotope examination.
(c) X-ray examination and tomography: blood vessel thickness

measurements, heart size measurements, breast cancer detection,
intracranial blood vessel constriction detection, dental charting and
analysis, bone structure analysis, pulmonary disease diagnosis, and
skeletal structure analysis.

(d) Electrocardiogram and vectorcardiogram analysis.
(e) Electroencephalogram tracing and neurobiological signal process-

ing.
(f) Drug interaction.
(g) Chromosome properties for genetic studies.

5. Agricultural Applications:
(a) Crop analysis.
(b) Soil evaluation.
(c) Process control.
(d) Earth-resource photography.

6. Governmental Applications:
(a) Weather prediction: cloud tracking and water temperature

measurements.
(b) Public systems: traffic analysis and control, urban growth

determination, smog detection and measurement, and air traffic
radar data reduction.

(c) Earth-resource data and remote sensing.
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7. Some Specific Military Applications:
(a) Aerial photography and remote sensing.
(b) Sonor detection and classification.
(c) ATR: Automatic Target Recognition.

1.3 DATA MINING AND KNOWLEDGE DISCOVERY

Even though this text represents only the fundamental entities in the
field of pattern recognition, we feel that it will not be complete without
devoting a small section to the subject of data mining and knowledge
discovery, in which classification plays a major role.

Throughout the text when we talk about classification, what we have
in mind is the process assigning an item to its "natural group". In a more
concrete sense, the objective of clustering is to sort a data set into
categories such that the degree of "natural association" is high among
members of the same category and low between members of different
categories. In many cases, however, classification means finding the
categories themselves from a given set of unclassified data. In essence this
is what knowledge discovery and data mining is all about. When
acquiring knowledge from data, the problem at times may be in the data
itself, which may have limited breadth or coverage. While the
development of databases has provided us with an effective tool for
storage and lookup of large data sets, the issues related to knowledge
discovery in these data glut, depends heavily on the field of pattern
classification, since the notion of finding useful patterns (which in essence
are just nuggets of knowledge) from raw data is the essence of information
harvesting, which this text is all about.

Knowledge discovery (KD) and data mining (DM) systems draw upon
methods and techniques from the field of pattern recognition, as well as
related topics in database systems, artificial intelligence, machine learning,
statistics, and expert systems, where the unifying goal is extracting
knowledge from large volumes of data.

In their edited volume "Advances in Knowledge Discovery and Data
Mining", Fayyad et.al. provide us with the following statement:
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Knowledge discovery in databases (KDD) is the
non-binial process of identifying valid, novel,
potentially useful, and ultimately understandable
patterns in data.

They use the notion of interestingness to denote the overall measure of
pattern value, combining validity, novelty, usefulness, and simplicity. The
data mining step in the knowledge discovery process is therefore
concerned with means by which patterns are extracted (as well as
enumerated) from the raw data. In essence, the knowledge discovery
process itself involves the evaluation and interpretation of the different
patterns in order to provide decision-making with additional information
on what constitutes knowledge and what does not. We should keep in
mind, however, that in the context of knowledge discovery, description

(finding human-interpretable patterns describing the data) tends to be more
important than prediction (using some variables in the database in order to
predict unknown other variables of interest), which is in contrast to pattern
recognition, where prediction is usually the major goal of the analysis
process.

One particular approach which we would like to mention is that of
extracting fuzzy rules from raw data, which allows relationships in the raw
data to be modelled by Fuzzy IF-THEN rules that are easy to validate and
understand. Because fuzzy logic allows us to express nonlinear
relationships by simple sets of qualitative IF-THEN rules, we can easily
capture the essence of data behavior. Capturing that behavior, which is in
essence knowledge discovery, in the form of Fuzzy IF-THEN rules, rather
than by neural networks or surface approximation, provide us with a set of
fuzzy rules which are easy to verify, validate, understand, explain and
extend. This is a powerful framework not only for capturing the behavior
of high dimensional data sets but also for explaining the behavior of the
data sets, especially in non-stationary cases as well as in those cases where
missing and noisy data is an acute pattern or when complex relationships
exist between fields representing the data in a database. With the increase
awareness of the advantages of representing classifiers in the form of sets
of fuzzy IF-THEN rules, extracting fuzzy rules from raw data, with or
without neural networks (for adaptive learning) will result in efficient and
robust algorithms, especially for high dimensional and noisy data.
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