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ABSTRACT

TRANSFORM-BASED SHAPE RECOGNITION EMPLOYING

NEURAL NETWORKS
Publication No.

Hung~-Chun Yau, Ph.D.

The University of Texas at Arlington, 1990
Supervising Professor: Michael T. Manry

The principal goal of this dissertation is to present
several techniques for improving the performance of pattern
recognition systems. There were two major tasks in this
work. The first was to develop a framework for analyzing
transform-based feature sets. As part of this task, some new
feature sets were developed. The second task was to develop
neural network approaches for optimizing conventional
statistical classifiers.

By transforming the entire image into a series or
spectrum, one compresses the data significantly. BAnalyses of

transform-based features show that they can capture essential
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shape characteristics in spite of various types and degrees
of distortion. The transform-based features are easy to
develop, implement, and analyze.

Sigma-pi neural networks have been developed which are
isomorphic to conventional Gaussian classifiers and nearest
neighbor classifiers. Gaussian isomorphic networks and
nearest neighbor isomorphic networks compute decision
surfaces which can approach those of the optimal Bayes
classifier. The decision surfaces are modified through a
back-propagation training procedure. The final neural
networks can then be implemented, or mapped back to
conventional statistical classifiers. This mapping approach
has provided significant improvements in recognition rates.

Experiments in geometric shape recognition and hand-
printed character recognition are described. They show that
the transform-based features can extract distinctive shape
information from objects. Even when objects are greatly
distorted, high recognition rates are achieved. These
experiments also show that the sigma-pi neural networks can
greatly improve the recognition rate of conventional

statistical classifiers.
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CHAPTER I

INTRODUCTION

1.1 shape Recognition Systems and Problenms

Many commercial and military shape recognition systems
are presently in service and under development. Applications
include mail sorting [1-5], document reading [6-11],
fingerprint identification [12,13], biological cell or
chromosome counting [12,13], speech recognition [6,14],
robotic vision [15-17], automatic target recognition [18-32],
medical diagnosis, and remote sensing [12,33]). The great
variety of applications shows the critical importance of this
subject.

The principal function of a shape recognition system is
to make decisions concerning the class membership of an
object in the input image. There are several important
processing steps between input image acquisition and the
output class membership decision. In general a system can be
divided into preprocessing, feature extraction/selection, and
classification blocks [12,34-36). Figure 1-1 shows the block
diagram of a typical shape recognition systenm. Preprocessing
tasks include signal conversion, noise reduction, edge

enhancement, segmentation, and normalization. 1In the usual
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Figure 1-1 Block diagram of typical shape recognition system.

case the input shapes are subjected to different types of
distortion, such as scaling, translation, rotation, and
warping. 1In feature extraction, vectors of numbers are
calculated which are similar to each other within a given
class, but different for different classes. The final step
in most shape recognition systems is to execute a decision
rule. The decision rules can be fixed or adaptive during the

classification step. In the latter case, an error function



is used to modify the decision rule.

Two major concerns in the design of the automatic
pattern recognition systems are (1) effective representation
of the input object to be recognized and (2) optimization of
the classification procedures [12,37]. Many scientists have
dedicated significant efforts to these tasks over the past
three decades.

In most shape recognition problems, each pattern or
object is characterized by a vector of measured quantities
which are usually called features. The extraction of
meaningful features is quite a major task in the design of
recognition systems. 1In practice, none of the feature sets
developed so far can perform well under all circumstances.
Currently, feature set design is an art rather a science.
Feature sets are not designed to minimize the probabilities
of classification error.

Most commonly used classifiers become optimal only as
the amount of training data becomes infinite, and the feature
statistics are perfectly known. When a finite amount of
training data is available, statistical classifiers are not

optimal.



1.2 The Bcope of the Dissertation

This dissertation concentrates on the performance
improvement of shape recognition systems via distinctive
feature development and new classifier designs. These issues
are addressed and described in the following. 1In chapter II,
we present methods for describing transform-based feature
sets in terms of geometric deformations and methods to add
deformation invariance to feature sets. We define several
transform-based feature sets in chapter III. The
conventional Gaussian classifier and nearest neighbor
classifier are reviewed in chapter IV. 1In chapter V and
chapter VI, we respectively develop neural networks
isomorphic to Gaussian classifiers and nearest neighbor
classifiers. Chapter VII is an experiment on geometrical
shape recognition and chapter VIII contains another
experiment on hand-printed numeral recognition. Chapter IX
is the conclusions. A review of the multi-layer back-
propagation neural network is given in appendix A.

The goals in this dissertation are (1) to present
methods for describing transform-based feature sets, (2) to
present several such feature sets, some of which are new, and

(3) to present new neural network classifier paradigms.



CHAPTER II

FEATURE EXTRACTION

2.1 Introduction

Most shape recognition systems extract distinctive
Teatures of objects and use these features to sort the class
to which the shapes belong. Ideally, features should contain
the information to discriminate between classes and shouid be
invariant to distortion within a given class. This allows
the classifier to correctly discriminate one class from
others. Successful recognition system design depends upon
the suitable development of distinctive features.

It has been indicated that the reading skill of human
beings is still far better than the performance of any
existing recognition systenm [9,38]. The great capability of
human readers to identify complex shapes must come from the
usage of a very large and flexible set of features. However,
the nature and mechanism of human thought are obviously
difficult to study. In order to improve machine recognition
capabilities, many feature sets have been developed by
various investigators. 1In general, features can be

classified as three types [8,9]:






