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PATTERN RECOGNITION: APPLICATIONS

|Problem Domain

| Application

Input Pattern

| Pattern Classes

Document image analysis

Optical character recognition

Document image

Characters, words

Document classification

Internet search

Text document

Semantic categories

Multimedia database retrieval

Internet search

Video clip

Video genres

Speech recognition

Telephone directory
assistance

Speech waveform

Spoken words

Natural language processing

Information extraction

Sentences

Parts of speech

Biometric recognition

Personal identification

Face, iris, fingerprint

Authorized users for access
control

Medical

Diagnosis

Microscopic image

Cancerous/healthy cell

Military

Automatic target recognition

Optical or infrared image

Target type

Industrial automation

Printed circuit board
inspection

Intensity or range image

Defective/non-defective
product

Industrial automation

Fruit sorting

Images taken on a conveyor
belt

Grade of quality

Remote sensing

Forecasting crop yield

Multispectral image

Land use categories

Bioinformatics

Sequence analysis

DNA sequence

Known types of genes

Data mining

Searching for meaningful
patterns

Points in multidimensional
space

Compact and well-separated
clusters
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TEXT CATEGORIZATION

Technology
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THE STORY OF THE AIRSHIP

BY T.J C. MARTYN

M the recant vayage of the Graf Zeppelin across the Atlanlic
| | Ocean 1o these shores there i3 more to be read and under-
stood than the lessons af successful dingible naigation and

wehich skill and courage have played equal pars. The Graf

made lghter-than-air craft possible

just as the history of the alrplane cannol be diorced from
the stary of the glider, the hestory of the dingshla is insepar-
ably bound up in the story of the balloon. In theory both

few ather things have, and it continues 10 weave its spell over

construction, 4 opens a new chapler in 1he annals of ighter-than-
air crafl, one that has a nch backgmund of human endaavar in

Iappelin, m its construction and in 43 performance, marks the
fatest advances in its own sphere of aeronautical science, an
advance that rmost ceranly will have imporlant influsnces upon
the developmant of the airshep. A the same time ils tiumphant
success i5 to be measwad in large part by tha labors and re-
zearches of thosa pioneer aeronauts who by their persevarance

types of aircrafl have been studied since anciert times. Flight
through the ar has lered roan all through the ages a5 perhaps

milllians of peaple logay. According to tradition il was Archylas
1
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FACE EXPRESSION RECOGNITION
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PATTERN RECOGNITION SYSTEM

_________________________________________________________________________________________________

Physical environment

' Data acquisition/sensing
Feature extraction Feature extraction/selection

Features ¥ Features

Classification Model Model learning/estimation
Post—processing |

Decision

Training data
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From: Richard O. Duda, Peter E. Hart, and David G. Stork,
Pattern Classification, John Wiley & Sons, Inc., 2001.
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PATTERN RECOGNITION SYSTEM
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Physical environment

Pre—processing
Feature extraction

Features

Classification
Post—processing

Decision

' Data acquisition/sensing

Training data

é
Feature extraction/selection

Features

Model

Model learning/estimation
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Physical environment
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Classification
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decision
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) \ adjustments for

/ context
classification \
) adjustments for
missing features
feature extraction

A
preprocessing

A

sensing
input From: Richard O. Duda, Peter E. Hart, and David G. Stork,

Pattern Classification, John Wiley & Sons, Inc., 2001.
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il SIS b Lasaly

prior knowledge /
(e.g., invariances) \

=D Loy
A sl Sl plulis
Ll Sl

&~
)”}; b/

start

|

A

collect data

Y

A

choose features

Y

A

choose model

Y

A

train classifier

Y

evaluate classifier

l

end From: Richard O. Duda, Peter E. Hart, and David G. Stork,
Pattern Classification, John Wiley & Sons, Inc., 2001.
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STATISTICAL PATTERN RECOGNITION
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Probability density

P(w)) = P(w,) = 1/2

di(xp) = dy(xp)
p(xop/wr) = p(xp/ar)
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NEURAL PATTERN RECOGNITION
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Second Edition, John Wiley & Sons, Inc., 2001.

INTRODUCTION

The ease with which we dze a face, ken words, read

characters, identify our car keys in our pocket by feel, and decide whether an apple is
Tipe by its smedl belies the astoundingly complex processes that underlie these acts of
pattern recognition. Pattem recognition—the act of taking in raw data and making an
action based on the “category™ of the pattern—has been crucial for eur survival, and
over the past tens of millions of years we have evolved highly sophissicated nearal
and cognitive systems for such tasks,

.1 MACHINE PERCEPTION

It i satural that we should seek to design and build machines that can recognize pat-
tems. From speech it int identification, optical charac.
ber gnition, DNA sequence dentification, and much more, it is elear that reliable,
accurate patem recognition by machine would be immensely useful. Moreover, in
solving the myriad problems required to build such systems, we gain deeper undes-
standing and appreciation for pattem recognition systems in the natural world—most
particularly in humans. For some problems, such as speech and visual recognition,
our design efforts may in fact be influenced by knowledge of how these are solved
n nature, both in the algosithms we employ and in the design of specinl-purpose
hardware.

1.2 AN EXAMPLE

FEATURE

T illustrane the complexity of some of the types of problems involved, let us con-
sider the following imaginary and somewhat fanciful example. Suppose that a fish-
packing plant wants o automate the process of sorting incoming fish o a comveyor
belt according to species. As a pilot project it is decided 10 try to separte sea bass
from salmen using optical sensing. We set up 1 camera, take some sample images,
and begin to nose some physical differences between the o types of fsh—length,
lightness, width, number and shape of fins, position of the mouth, and 5o on-—and
these suggest features 1o explare for use in our classifier. We also aotice aokse or



