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The thesis presents the results of a theoretical and experi-

mental study on the application of syntactic pattern recognition to

defect classification in optical surface inspection.

The inspected surface is interrogated with visible light and

as a result of this interaction, the characteristics of the reflected

light provide information about the surface. Signal processing tech-

niques are applied to detect and delineate the defects on the surface.

The syntactic pattern recognition system designed in the thesis

operates on the specular videoprint, which is a black-white represen-

tation of the defects extracted from the specularly reflected light.

A pattern description language which is well suited for on-

line processing is developed for the representation of two-dimensional

defects as strings. The languages which describe the classes of

defects are approximated by regular grammars obtained automatically

using an efficient grammar inference algorithm. ‘The classification

of the defects is achieved using an algorithm based on the concept

of edit operations which reduces the errors due to the approximation

of languages and to the imperfect structure of the defects. A set of

programs written in FORTR= is used for performing a detailed analysis

of the system in computer simulation.

The validity of the theoretical methods proposed is tested on

a data base of real defects, acquired using an automated data gathering

system. ‘The experimental results obtained in simulation with this data



XIII

base indicate an acceptable performance of about 70 - 80% correct

recognitions. A hardware implementation of the classification system

is outlined and shown to be economical and capable of operating in

real time.

The interpretation of the results reveals the limitations of

the present system and suggests techniques for further investiga-

tion to improve the recognition performance.
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O - INTRODUCTION.

This thesis presents the results of a theoretical and

experimental study on the application of syntactic pattern

recognition to the classification of visually perceivable defects

on a moving surface. This investigation is part of a research

project carried out at the Instrument Systems Centre in

cooperation with the SIRA Institute and the British Steel

Corporation.

Syntactic pattern recognition methods were proposed

about 12 years ago for problems in which feature space techniques

did not provide an efficient solution. In certain situatiors

syntactic methods offer potential advantages (simplicity and fast

operation) but until recently the area of applicability had been

limited to well-formed, noise-free patterns.

In the last 2 - 3 years, a series of new techniques have

been suggested to overcome these difficulties, but their efficiency

has not been proved convincingly with real data problems.

The main object of the research programme reported in this

thesis was to select and develop syntactic methods into a complete

and unitary pattern recognition system and to evaluate its

performance by corputer simulation using a representative, real data

base.

The solutions proposed in this thesis represent

developments and extensions of existing theoretical techniques and

incorporate contributions which can be summarised as follows:



1) development of a language for the description of two-

imensional patterns which is suited for on-line processing.

2) formulation of an efficient algorithm for inference of

approximate regular grammars for n-class, two-dimensional patterns

and development of a corresponding FORTRAN program.

3) development of a pattern classification algorithm and

program based on the concept of syntactic distance which reduces

the errors due to the approximation of the pattern language and to

the variability in the structure of patterns.

4) acquisition of a representative data base of surface

defects using a specially designed, automated test rig controlled

by a minicomputer.

5) validation of the theoretical contributions using this

data base.

The thesis is structured in chapters which cover the

subject as follows:

Chapter 1 establishes the general framework by describing

briefly the structure of the automatic inspection system and the

requirements imposed on the pattern classifier.

Chapter 2 introduces the definitions and notations used

in the following chapters and formulates the syntactic pattern

recognition problem.

Chapter 3 contains a brief survey and critical

evaluation of previous connected work.

Chapter 4 presents the formalism which has been developed

for describing syntactically two-dimensional defects as they are

encountered on-line.



Chapter 5 is dedicated to the description of the

algorithm employed for grammatical inference and outlines the

structure of the corresponding program.

Chapter 6 gives a detailed presentation of the

classification technique developed using syntactic distances and

describes the organisation of the corresponding program.

Chapter 7 emphasises the need and importance of the

automated test rig constructed and describes the structure of the

data base used in this study.

Chapter 8 analyses the main results of the similation

of the syntactic pattern recognition system using the acquired

data base ana suggests an interpretation of these results.

Chapter 9 gives a brief description of the logical

structure of a syntactic classifier based on the techniques

developed in the thesis, in order to show its feasibility for real

time applications.

The final conclusions summarise the results obtained and

indicate problems which are open to further investigation.



1. DEFECT RECOGNITION IN AUTOMATIC SURFACE INSPECTION

SYSTEMS.

This chapter gives a brief description of the automatic

surface inspection system in which the pattern recognition

automaton is intended to work, in order to establish the

requirements imposed on its functional properties. A detailed

presentation of the system is given in ele

diel Reasons for automatic inspection

The inspection of product quality is an important and

general requirement. At the present time many inspection procedures

are carried out by human inspectors, but the automatic instrumental

inspection would improve the efficiency in many respects, Such as :

objectivity, speed, consistency, sensitivity, reliability and

elimination of fatigue.

The advantages of automatic inspection methods over human

inspection become evident in high speed production line processes,

because:

1. the information handling capacity of the human inspector

is too low

2. these processes are automated right up to the inspection

phase; automatic inspection instrumentation can be introduced as a

feedback element to complete fully automatic control loops.

The perception and judcement capabilities of instruments

are very limited and techniques of signal processing and

artificial intelligence must be employed to resieee hese foneciens

of the human inspector.



Vee The principle of optical surface inspection. f.], [2]

The principle of automatic inspection in the present

application is based on the interrogation of the product with an

energy input which interacts with the surface so that the output

energy is modulated corresponding to the properties of the

interrogated region. The automated test rig which had been used

to acquire the data base of defect patterns was built around an

optical inspection system developed by the SIRA Institute,

based on the flying-spot laser scanner type 550. For this case, the

general inspection system can be regarded as a sequence of three

operations:

Ly the surface is interrogated by illuminating it with

visible light.

2) the surface interacts with the light and consequently

changes one or more of the characteristics of the light returned to

the scanner.

3) these changes are measured and processed to give the

desired information about the surface.

The essential components of the type 550 Laser Scanner are

shown in fig. 1.1. A thin beam of light is scanned across the

inspected surface by the rotation of a mirror polygon. A large

cylindrical lens focuses the beam onto the surface, where it is

reflected, scattered and absorbed. The system as shown senses only

one parameter of the beam / surface interaction - namely, surface

reflectivity. A photomultiplier is positioned at the specular

angle with respect to the interrogating beam; the nee voltage

is proportional to the amount of light reaching the cathede.
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With a perfect (mirror-like) surface, the output of the photo-

multiplier will be maximum, because the interaction is confined

to a simple reflection. In Practice, surfaces are far from perfect

mirrors and the amount of light reaching the Photomultiplier is

reduced by Scattering and absorption. The photomultiplier output

signal (Fig. 1.2a) is reduced momentarily by the Presence of the

defect, hence defects are indicated by negative-going pulses.

By matching the speed of the rotation of the mirror

Polygon to the velocity of the moving surface, successive scans

will cover the entire surface.

The signal at the output of the Photemultiplier is

Processed by employing analogue filtering followed by threshold

detection, to Provide a very effective defect detection; this

function of the inspection system is Giscussed in the next

Paragraph. In most applications defect Classification is an

additional requirement; pattem recognition techniques are a

possible solution to this problem and will be investigated in

detail in the following chapters.

L63' The functions of signal processing

The general function of signal processing in an inspection

system is to extract the vr

vesponse to signal interrogation. In the present case, signal

Processing techniques are used to implement the following operations

on the scanner output Signal (fig. 1.3a):

1) defect detection : a signal is generated when a defect

is present (fig. 1.3b)

2) defect delineation : involves finding the boundary of the

defect and consists of two stages: ~



a) processing of the signals generated during individual

Scans of the surface, in order to select those scan sections which

derive from surface defects (fig. 1.3c)

b) processing of the scan sections determined in the

Previous stage, so as to associate all those sections which derive

from the same surface defect.

3) defect classification : determination of the nature of a

defect delineated as mentioned before.

Defect detection can be regarded as a simplified case of

the more general defect delineation and will, therefore, not be

considered in more details.

3k Defect delineation

Defect del. tion is an important prerequisite for

reliable defect classification and has been investigated in detail

in the report by W.J. Hill [3].

The signals which correspond to defects on the surface are

negative-going pulses, which may last from a few microseconds, to

one hundred microseconds and have a variable amplitude. These

signals must be extracted from noise which is know to be

substantially white, within the region of the spectrum occupied by

the energy in the defects.

The first stace of defect delineation is implemented

using a bank of matched filters chosen to cover the defect waveforms

of interest. Each filter produces a pulse when it detects the

waveform to which it is matched; the filter producing the best

match determines the limits of the defect in the input signal. The

result of this operation is a series of binary trigger samples from



TOP L/K

CORNER.

SCAN/SAMPLE
= 033 1

24515 2

12 $00 ’

0r 227 ‘

17 619 5

2 488 4

207 443 ?

wer 2s 8

Sor Ste 5

3/835 10

62 159 "

wer ri 12

497 $22 3

557 820 ‘6

587 166 5

597 665 1%

27 4d 7

27 470 18

or 316 e

7 4s 2
a

2

3

2

3B

%

2

28

2

»

nay 243 5

2

3

&

%

3s

: 2

1ed7 909 3

tear 788 »

158 “9

1597 267 a

tee “19 42

tole 748 “3

1687 ta

tear 719 “s

199/53 4

1697 She a

1497 440 o

Fig. 1.4 Specular videoprint of

DEFECT

NUMBER.

a tinplate sheet. .

OT



ll

each scan, where a trigger bit is set to one if it lies within

a defect section, and to zero otherwise (fig. 1.2b). The image

obtained in this manner for a number of successive scans is

presented in fig. 1.4 and can be interpreted as a black-white

representation of the defects; it will be referred to as a

"videoprint".

The second stage of defect delineation associates trigger

samples lying within a certain present distance of each other. To

accommodate the tendency of many defects to be elongated in the

rolling direction, different distances can be used for the

longitudinal and transversal direction. Each trioger sample

generates a "capture rectangle" and any other trigcer sample

falling within that rectangle becomes associated with the same

defect. The bour =; the defects delineated using this

technique are illustrated in fig. 1.4, which represents the video-

point of a Im x Im sheet of triplate. (For practical reasons, the

data base used throughout the thesis was obtained by scanning a

number of lm x 1m sheets of tinplate, rather than a continuous, long,

strip; the sheets were cut at the BSC works from the strip because

they contained defects.)

ye oa2 Defect clas ethods

In the present application, defect classification can be

implemented using two types of information provided by the scanner:

a) the original analog signal at the output of the scanner

(specular and off-specuiar)

b) the videoprint (specular and off-specular)

The research work which is reported in this thesis is

concerned with the classification of the defects using the

information contained in the specular videoprint only. In the
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initial phase of the investigation, a camparative study of the

pattern recognition techniques described in the literature was

carried out, in order to select the most pramising methods. This

evaluation was performed by taking into account the technical

specifications of the process and of the optical inspection system,

since these impose certain requirements on the pattern recognition

system, which will be outlined in the following discussion. ©

The present project studied the general problem of

surface inspection with reference to the inspection of tinplate for

which an industrial need and a potential data base existed.

Tinplate is produced as a continuous strip at a velocity of up to

if the sheet is 1 m wid contains 1000 resolved

points across the scan wi S every centimeter, the

information is generated at 10 Mbit/sec. Defect delineation must

be implemented at this rate, but defect classification can he

carried out at a lower rate, because only a small area of the surface

will be covered by defects. An exact estimation of the average time

available is difficult, but the order of magnitude is 10 msec, which

excludes the use of a dedicated minicomputer programmed for a certain

pattern recognition alec:

The physical nature of the defects varies in time and

this leads to pattems tterised by a high degree of variability;

even within the same class, the size and shape of the defects varies,

though retaining a common structure.

In summary, a pattern classifier for defects on a moving

surface must satisfy the following requirements:
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(1) good performance for a considerable degree of pattern

variability within a class.

(2) high speed operation.

(3) simple hardware implementation, to achieve high

reliability and low cost.

(4) the classifier is designed using a finite set of training

patterns; the method of classification must minimize the errors

introduced by the extrapolation to a new set of patterns.

Considering these factors, the problem of selecting

an efficient defect classification method was tackled in two stages:

1) A certain number of candidate techniques were analysed

and compared according to the criteria listed before; this

comparative study is presented in detail in [4] and the main results

are summarized in tabie 1. It became evident at an early stage

that no available technique will solve the problem completely

satisfactorily using specular videoprint data only. Other types

of information, like off-specular videoprints and analog signals in

successive scans and possibly a combination of different pattern

recognition methods will have to be used in order to achieve the

required performance.

As a result of this first stage, template matching and

logical decomposition techniques were rejected as inadequate for

the present application. The techniques which emerged as potentially

applicable were the feature space method and the linguistic method.

Since an investigation of the feature Space method using gearetrical

Properties as features had already started within the research team,
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TABLE 1. COMPARATIVE EVALUATION OF PATTERN RECOGNITION METHODS

HOR REAL TIME DEFECT CLASSIFICATION.

METHODS | TEMPLATE LOGICAL FEATURE SPACE FEATURE SPACE

MATCHING DECOM- WITH GEOMETRIC |USING TWO- LINGUISTIC

POSITION PROPERTIES DIMENSIONAL
CRITERIA TRANSFORMS,

PERFORMANCE unacceptable | very good, | generally good to be deter-| to be deter

for not to be determined] mined by mined by

reasonable considering j by simulation simulation simulation
cost cost

SPEED high very high acceptable acceptable satisfactor
matched to

the scannin

system

cost unacceptable | unacceptable) unacceptable high low
for for

satisfactory | satisfactory; i

performance | performance |

i

STORAGE, very high no storage } reduced acceptable
REQUIREMENTS ecessary i

POSITION no possible possible | yes yes
INVARIANCE using shift

register

techniques

TOLERANCE OF | unacceptable} good not good good possible by
NOISE, SHAPE considering including
AND SIZE cost additional
VARIATIONS facilities

1

|

GENERALIZ— yes no j yes yes yes
ATION

POSSIBILITIES |

|

CONFIDENT no no yes yes yes
EXTRA-

POLATION

EASE OF good good good difficult
DESIGN
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the present study continued with the linguistic method and feature

space method using as features the components of the two-dimensional

BIFORE transform as the main options.

2) In the second stage of the preliminary study, it was

decided to perform a number of experiments in simulation, using

initially only artificial data, in order to obtain indications

related to:

a) the performance of the techniques, as measured by %

correct classifications.

b) relationship between performance and amount of noise

corrupting the ideal patterns.

c) difficulties to be overcome in order to improve the

performance.

Although the properties of the artificial patterns have

been selected somewhat arbitrarily, the following factors were

taken into account to ensure a reasonably sound basis for the test:

a) a nontrivial number of classes (6)

b) the number of samples per class great enough to cover

a reasonable variability of properties within a class (20 prototypes

and 60 patterns distorted by noise)

c) provision of a wide range of geometrical and

topological properties of the patterns (connectivity, directionality,

etc.)

Each pattern is in the form of a binary (black on white

background) two-dimensional videoprint, stored in a matrix of 32 x

32 elements (fig. 1.5); a total number of 480 pattems in 6 classes

are stored on magnetic tape as a permanent data file.
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Fig. 1.5 Matrix representation

of an artificial
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The 6 classes of patterns used in this experiment were the

following (examples shown in fig. 1.6):

a) rings of different thickness and radius

b) linear quasihorizontal patterns of different shape and

thickness

c) linear quasivertical patterns of different shape and

thickness.

da) circular spots of different radius, distorted by

randomly shifting adjacent rows of the matrix to left or right.

e) horizontal broken lines

£) small dots, randomly distributed within the matrix

The effect of noise and distortions was simulated by

inverting the elements of the matrix (1 to 0, O to 1); within each

class, four subclasses have been created, differing by the probability

p of a cell in the videoprint being inverted ( p = 0.0; 0.01; 0.02;

0.03).

The FORTRAN program for generating the artificial patterns

consists of cca 500 lines and is executed on the CDC 7600 computer in

20 sec., including the plotting of 120 patterns on microfilm.

The next step of the experiment was to develop a set of

FORTRAN programs for sning and simulating simple pattern

classifiers based on the feature space and linguistic methods,

respectively. Finally, the perfomnance of these classifiers was

evaluated in simulation using as data the artificial patterns; the

experiments are fully described in [4] and (5].
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The final conclusions of this preliminary study were the

following:

E) The performance of the classifier based on the feature

Space method (using the components of the two-dimensional BIFORE

transform as features) was satisfactory and relatively insensitive

to noise (see fig. 1.7), but the computations involved were complex,

therefore a fast hardware implementation would be expensive.

2) ‘The performance of the linguistic classifier was excellent

for noise-free patterns, but exhibited a fast degradation as the

amount of noise increased (see fig 1.8, curve A). By applying a

logical smoothing operator,. using a 3 x 3 window before starting

the recognition, the overall performance could be improved, but not

significantly (see fic. 1.8 , curve 3). The patterns mentioned before

could be described using regular c: @rs and ther re the

structure of the linguistic classifier was simple and the speed of

operation very high. This is an essential advantage for on-line

applications and finally it was decided to concentrate the research

effort on the development of an advanced syntactic pattern recognition

system, by incorporating additional facilities for:

a) improving the recocmition performance of distorted patterns,

b) inferring grammars autcratically, using a set of patterns

for training.
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ae FORMULATION OF THE SYNTACTIC PATTERN RECOGNITION PROBLEM.

DEFINITIONS AND NOTATIONS

The syntactic pattern recognition method compares a

structural description of classes of patterns using formal languages

with a syntactic representation of a specific pattern in order to

achieve a correct classification. ‘The method is based on two concepts

developed in formal language theory:

1) description of a large number of patterns belonging to a

class using a small number of simple pattern primitives, relationships

between them and a recursive grammar.

2) recognition of a pattern by parsing its syntactic

representation in order to find the language to which it belongs.

This chapter introduces the definitions, notations and

selected topics in formal language theory which are used in the

thesis; these concepts will then be extended to incorporate features

necessary to describe two-dimensional patterns. The last section

describes the general structure of a pattern recognition system based

on the syntactic method.

2.1; Selected topics in formal language theory

In order to make the thesis self-contained, this paragraph

will be devoted to the introduction of the notations and definitions

used in the thesis and to a brief discussion of selected results in

formal language theory relevant to syntactic pattern recognition

[6], (7).
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Definitions and notations from set theory

Sets will be denoted by capital letters (A, B, ... ) and

the elements of sets by little letters (a, b, ...). Ifaisa

menber of A, this is expressed by the notation a € A; if this

property is not valid, a€ A. The empty set, which has no menbers,

is denoted by d « A

The set A is included in set B, written AC B, if every

element of A is also an elevent of B. If B contains at least one

element not in A, then A is properly included in B, written A S Bs

The union of sets A and B, written AU B, is the set

containing all elements in B; formally, AUB ={x]xea or xe B}

The intersection of sets A and B, written AMB, is the set

of all elements that are both in A and B; formally,

ANB= { x[x€A and x€ a}.

An ordered pair, denoted (a, b), consists of a andb in

that order. The Cartesian product of sets A and B, denoted A x B is

defined as

{ta, ») Jaea, andbes}

A relation from a set A to a set B is any subset of A x B.

If R is a relation from A to B, we write a R b whenever (a, b) is in

R

Let A be a set and Ra relation on A. We say that R is

(a) xeflexive if aRa for allae€A

(b) symmetric if ab implies bRA for a,b€A.

(c) transitive if aRb and bRe implies aRc, for a, b, c€A.

An equivalence relation is a relation which is reflexive ;

synmetric and transitive. An equivalence relation R on A partitions
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A into disjoint subsets called equivalence classes.

The k-fold product of a relation R (on A), denoted Rg, is

defined as follows:

(a) arly ifs arb

(o) ath iff there exists cEA

such that aRc and cry for i/> ls

The transitive closure of a relation R on a set A, denoted

R’, is defined as follows:

artb iff arb for i>1.

The reflexive and transitive closure of a relation Rona

set A is denoted R* and is defined as follows:

(a) aR*a for all a€A

(b) aR*b if ak’

(c) nothing is in R* unless its being there follows from (a)

and (b)

= iff is the usval abbreviation for "if and only if".
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Zaked Sets of strings

An alphabet (or vocabulary) is a finite set of symbols.

A string is a finite sequence of symbols from an alphabet.

The empty string is that string weich has no symbols.

Conventions of representations:

(1) Symbols: a, b, c, d, -.-

(2) Alphabet: ), (sometimes x)

(3) Strings: u, Vv, W, X, Y, nn one

Empty string: or &

(4) He denotes the set containing all strings over), 7

including »

a denotes De ia Xr

The length of a string x, denoted by |x] or 1(x), is the

number of symbols in the string.

If x and y are strings, then the string xy is the concatehation

of x andy. A string of i a's is represented by a a° is.

A language L over alphabet >» is any subset of De

2.1.2 Procedure and algorithms

A procedure consists of a finite set of instructions which

can be mechanically executed in a fixed amount of time. A procedure

holts on a given input if there is a finite number t such that after

executing t elementary instructions of the procedure, either there

is no instruction to be executed next or a "halt" instruction was last

executed.

An algorithm is a procedure which halts on all inputs.

Two main criteria are used for evaluating the performance of an

algorithm:
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(1) time complexity - the number of instructions éxecuted

as a fumction of the size of the input

(2) space complexity - the ancumt of memory required to hold

intermediate results as a fumction cf the size of the input.

2.123 Languages, grammars and recognizers.

A language which cen be astined by a procedure is called

recursively enumerable. A languace cefined by an algorithm is

called recursive.

A grammar is a generative mathematical system for defining

a language in a recursive manner. Formally, a grammar is a

quadruple

Gist; 2a yae Paco),

where: (1) N is a finite set of nonterminal symbols (nontexminals)

(2) Sis a finite set of terminal symbols (terminals)

(3) P is a finite set of rewriting rules or productions of

the fom &h—> P

1 vhere %€ (NUZ)", BE (8UZ)*

(4) S is a distinguished symbol in N called the start synbol.

A grammar is decidable if it generates a recursive

language.

A second method of providing a finite specification for a

language is to define a recognizer for that language - an automaton

which accepts the strings in the language and rejects the strings not

in the language.

Conventions of representation:

(1) -tecminals: a, b,c; .2. 7 OG, 1, 2; <-%

(2) mnonterminals: A, B, C, ...

(3) start symbol: P
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nonterminals or terminals: U, V, ... , Z

strings of nonterminals and terminals: o pe Zoe

strings of terminals only: u, v, ... , Z

If cise is a production in P and J and c are strings,

then the production h—- p may be applied to the string %ad to

obtain the string 3pé ; this process is denoted Bad => ops

For any grammar G the language L(G) generated by G is

defined by

L(@ =fw]s +» w and we Z*}

where 43 is the transitive closure of =>

Grammars can be classified according to the format of

their productions as follows:

(1)

(2)

(3)

form

regular grammars, if each production in P is of the form:

A — aB or A -—pa

context free, if each production in P is of the form:

ASF oe

context - sensitive, if each production in P is of the

op leds| pl

In the preceding definitions:

acéz; A, BE Ni pe (NUxX)*

The languages cenerated by these grammars are called:

regular, denoted L(R)

context-free, denoted L(CF)

context-sensitive, denoted L(CS) and satisfy the
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following relations:

L(R) € L(CF) E L{CS)

Most syntactic pattern recognition techniques have been

implemented using regular and context - free grammars, for which

the theoretical foundations are best developed. The following

discussimis restricted to reqular grammars, which are used in

the thesis.

2.1.4 Properties of regular lanquages

Regular expressions (RE) A convenient way to describe

regular languages is to use regular expressions, which are defined

recursively as follows:

(1) Q is a RE denoting the set D

(2) ) is a FE denoting the set xX

(3) ain X is a RE denoting the set fa}

(4) if p and q are RE denoting the sets P and Q, respectively,

a (p+q) is a RE denoting PUQ

b (pq) is a RE denoting PQ

co (p*) is a RE denoting P *

(5) nothing else is a RE

Finite automata (FA) Recognizers for regular languages,

called finite automata, are defined as follows:

A nondeterministic FA is a quintuple

m= 58,9."

where: (1) Q is a finite set of states;

(2) Q denotes the number of states
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(2) = is a finite set of input symbols;

|Z] as the muber of input symbols

(3) § is a mapping fronQ x3 to P(Q) called the state

transition function,

(4) o. in Q is the initial state

(5) FCO is the set of final states

M is deterministic if é(q, a) has no more than one

number for any gq inQandainy . If 5 (gq, a) always has exactly

one member, M is called completely specified.

In certain problems it is convenient to use a modified

type of FA, defined as follows:

A Moore-type finite automaton is a six-tuple FA =

(X, Y, S, £, g, 4, ) where

X is the finite input alphabet

Y is the finite output alphabet

S is the finite set of states

£:S x X-»S is the state transition function

g : S-rY is the output function

Go: in S is the initial state

Two fundamenzal theorems in language theory state:

(1) a language is accepted by a FA iff it is a regular

language

(2) the following problems are decidable for regular languages:

a. the membership problem : given a specification and a

string, is the string in the specified language ?



b. the equivalence problem : given two specifications

of the same type, do they specify the same language ?

The process in which strings are examined to determine

whether they belong to a language is called syntax analysis or

parsing.

It can be showm that the algorithm for solving the

membership problem has:

(1) time complexity : a linear function of the length of

the string.

(2) space complexity : proportional to the size of matrix

(q, a), that is |Q]-|5]

The hardware implementation of FA is economical and can

be operated at very These properties make regular

languages an attractive solution for on-line pattern recognition

problems, provided the descriptive power of these languages is

satisfactory for a specific application.

Since the class of 'context-free languages properly

includes the regular languages, it can be expected to encounter

more difficulties in th: x theoretical investigation. Indeed,

the time and space complexity of the syntax analysis algorithms

for context-free languaces i general considerable greater than

for regular languages [7]. ‘This was the major factor in taking the

decision to restrict the research work on regular granmars and

languages for real-time applications.
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2.2 Formal languages for pattern recognition

In conventional formal language theory, strings are

built up by concatenating symbols. By analogy, two-dimensional

patterns could be specified as being built up out of simpler

subpatterns called primitives using a set of composition

descriptors defined for a two-dimensional space; the pattern

syntax analysis starts with the identification of the primitives

and composition descriptors used to build up the input pattems

{8], [9], Bo], Ba.

The fundamental difficulty encountered in extending formal

language theory to two-dimensional patterns is due to the fact that

an one-dimensional line has a natural ordering, whereas the plane

does not have this property. The problem can be solved by

introducing a more general formal which can employ the

primitives and composition descriptors to derive a representation

of two-dimensional patterns by a string - structured expression.

In this way, the conventional formal language theory becomes

applicable to the description and classification of two-dimensional

patterns.

The general ideas presented in the foregoing discussion

were implemented in the present case in the following sequence:

y1) Selection of 4 set of pattern primitives and composition

descriptors.

This problem is similar in nature to the feature

selection problem in the decision - theoretic approach and is

solved by the designer using his knowledge of the application and

by intuition. The set of pattern primitives, denoted Li and
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the set of composition descriptors, denoted D, which represent

the solution in general satisfy two elementary conditions:

a) they should permit a structural description of a class

of pattems

b) a simple extraction using non-syntactic methods should

be possible.

2) Development of a convenient formalism for the syntactic

Gescription of the patterns.

There is no standard formalism for defining two-

dimensional pattems in tems of primitives and composition

descriptors. The obvious condition imposed is that the formalism

chosen permits a string representation of the patterns after

extracting the pr: ives and composition descriptors.

Using this formalism, the set of primitives and

composition descriptors, a pattern grammar can be defined formally

as the quintuple:

p
it (Z, D, N, P,s)

where - finite set of pattern primitives

D - finite set of composition descriptors

N - finite set of subpatterns

iDege productions, expressed using the

A= F(G, Cy Co); AEN, AED,

C, andC, € YUN

S - start primitive

Thus, the production A —+ F(d, cy Cy) defines a subpattern
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whose constituents are the primitives or subpatterns cy and Cy

relatedby composition descriptor d.

3) Inference of the pattern grammar

Having specified the formalism F and the sets 2 and D,

the next step is to derive the grammar G which describes the class

of patterns using a training set of patterns,

T=TuTt; Te 16),7 € LG)

4) Pattern recomition using syntax analysis

Consider a n-class pattern recognition problem and assume

it was possible to construct a grammar Gi for each class of

patterns. In an ideal situation, the languages L{G;) define classes

of patterns which are disjoint:

n

‘N16, = D

=li

Given an input pattern described by a string x, the

recognition problem can be stated as follows:

Is x € L(G;) POR HL Qe ene op he.

The string x will be rejected if

Sy, L(G,)
i=l

In all the other cases, a solution of the following form

can be found:

xE LG); ¢kg¢n

n

xE\J LE)

ae

i¢k 5
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hence the pattern represented by string x is in class k.

The following section will illustrate how the theoretical

principles described can be applied in a practical pattern

recognition system.

2.3 General structure of a syntactic pattern recognition

system [s]

A syntactic pattern recognition system can be represented

by a block diagram which consists of the following major parts (fig.

Sele

(1) preprocessing : can be considered as an interface between

the input pattern and the syntactic pattern recognition system (for

ex: detection/delineation)

(2) pattern description : the syntactic primitives and the

composition descriptors are extracted from the pattern.

(3) syntax analysis : the syntactic representation of the

pattern is analyzed (parsed) in order to find the language to which

it belongs, hence the class of patterns.

(4) grammatical inference : knowledge of the structure of

sample patterns is applied to infer grammars for each class of

fe, using a training set of patterns.

the pattern grammars is carried out off-

line, by the designer or 2 programmed algorithm. Stages (1), (2)

and (3) can be simulated (off-line) for designing the system, but

finally must be implemented on-line and in real time in applications

like defect classification.

Preprocessing is usually not considered a proper part of

a syntactic pattern classifier. This applies also to the present
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Fig. 2.1 Block diagram of a pattern recognition systém for "on-line" applications
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case of the automatic surface inspection system, in which detection

and delineation are common functions, which must be implemented

before any method of classification can be attempted.

A large variety of pattern description and classification

techniques have been developed for performing stage 3 and stage 4

of a syntactic pattern recognition system. A critical review of

these approaches, with the intention of selecting the most suitable

techniques for the requirements of on-line defect classification,

will be presented in the next chapter. The review has been oriented

according to the conclusions of the preliminary experiment presented

in para. 1.2.
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De REVIEW OF PREVIOUS WORK IN SYNTACTIC RECOGNITION OF

IMPERFECTLY STRUCTURED PATTERNS.

In the preceding chapter, the fundamental concepts of

syntactic pattern recognition have been introduced and the main

problems encountered in a practical application have been formulated.

This chapter reviews the work in this area which could provide ideas

or techniques applicable to an on-line defect classification problem.

Previous work in the selection of pattern primitives and

composition descriptors and different formalisms proposed for

representing two-dimensional patterns are not discussed because of

their application - oriented character. ‘The review concentrates

on two major problems : syntax analysis of imperfectiv foxmed

patterns and pattern granrar inference. The main directions of

development will be introduced as briefly as possible, in order to

support the criteria used for rejecting or accepting a specific

technique. Basically, this review is intended to justify the approach

taken in this thesis : 1) approximate description of the defects

using regular grammars and 2) classification based on the concept of

syntactic distances, which reduces the errors due to language

approximation and to patter variability.

Formal language eo was originally developed to describe

strings of symbols which were perfectly structured and until recently

no provisions had been made to handle strings distorted or corrupted

by noise. Consequently, syntactic pattern recognition methods based

on concepts proposed for ideal situations offer a poor performance
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when applied to imperfectly-formed patterns.

The effects of distortions and noise can be reduced using

extensive preprocessing in order to present well-formed patterns at

the input of the syntactic classifier. Although preprocessing does

improve the recognition performance, it does not solve completely

the problem, for two reasons:

1) preprocessing requires a considerable amount of carputation,

which could become prohibitive in an on-line application.

2) in complex situations the overall performance of the syntactic

classifier is still unsatisfactory.

The only way left to improve the performance of a syntactic

classifier is to develop more sophisticated techniques in formal

language theory, to incorporate features which permit handling of

imperfect patterns. The methods which have been recently proposed to

tackle this type of applications can be divided into three classes:

1) stochastic grarmars and languages

2) fuzzy grammars and languages

3) error - correcting techniques

These methods will be reviewed briefly in the following

sections and evaluated according to the requirements mentioned in

Paro Losses

Finally, a brief discussion of the literature on grammatical

inference will present the fundamental results obtained in this field

and then select specific techniques applicable to the present problem.
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3.1 Stochastic grammars and stochastic languages fiz] = [14]

Stochastic languages have been proposed for modelling more

realistically applications in which patterns must be characterized

taking into account randommess introduced by measurement noise and

ambiguities due to intersecting classes of languages.

The concepts of formal language theory can be extended to

incorporate statistic considerations in two ways:

a) by assigning probabilities to the productions of the grammar,

thus defining a stochastic grammar

b) by assigning probabilities to the state transitions of the

acceptor, therefore introducing stochastic automata.

The following discussion will be restricted to stochastic

regular languages and ~ state automata.

Definition 3.i A stochastic gramar is a quadruple

CSN pa P,, S) where :

(1) N is a finite set of nonterminals

(2) Yi is a finite set of terminals

(3) SEX. is the start symbol

(4) Ps is a finite set of stochastic productions, each of

which is of the form

o Fe pi: fee Ge Opt... endiat ely cayseee , Feb (321)

wus) *cc € (NUZ)* N

pie (NUZ)*

and Pay is the probability associated with the production:

302Oe bi Sh it a



Defintion 3.2 The probability p associated with a

2 ‘ *
derivation 2 =>"

is equal to the product of the probabilities associated to the

sequence of n productions used in the derivation:

n

P -TTp, (3.3)
tea

The stochastic language generated by Gs is

L(G) {& pa) | vet, sly x i
k

Deel pes, socg Ke and p=) ur
jr

where k is the number of all different derivations of x from S

3 (3.4)

and Ps is the probability associated with the j-th distinct

derivation of x.

Definition 3.3 A stochastic regular grammar

G, = 1,2, P 5, 8) where

(ie { ay agree ay

Can = { Ay Age we A, |

Gy Sie {

is a stochastic grammar

P. a
il

Ay ec ary (3.5)

Pil
Bee a

es :
ijAy a ayry

'm

Pix
De chic
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(some probabilities may be equal to zero)

: Prt “Le 7 (3.6)
qri Met

Definition 3.4 A stochastic finite-state automaton is

a five-tuple A, = (L, 0, M, 1 5, F) where:

(1) 5 is a finite set of input symbols

(2) Q is a finite set of internal states; |Q | =

(3) M is a mapping of es into the set of n xn

stochastic transition matrices; for ae

ma =[ 5 @]

where Pig (a) is the probability of the input a fc

transition eee state 9; to state 4,

Yip = oe ett 2; ee

aT, is a n-dimensional row vector defining the initial

state distribution

(5) FOEQ is a finite set of final states.

The preceeding basic definitions are sufficient to discuss

oe properties of stochastic lanquages and stochastic automata in

classification.comnection with on-line

1) The descriptive stochastic regular grammars is

the same as that of their nonstochastic version, since the productions

are similar in form, except for the assignment of probabilities.

2) For a given intemal state and input symbol of a stochastic

finite-state automaton, there is in general more than one possible

transition defined in the matrix M. This fundamental property of

a stochastic automaton extends considerably its recognition

possibilities, but is also very difficult to implement directly in

hardware.



3) The recognizer assigns nonzero probabilities to strings

belonging to the language L(G.) , but if only one symbol in these

strings is corrupted and the new string does not belong to L(G.) ;

it will be assigned probability zero; this is a major disadvantage

in extrapolating from a training set to a new set of patterns.

The limitations of the stochastic language discussed above

show that, although improving the performance of a syntactic

recognizer in cases where ambiguity is due to overlapping classes,

this method is not completely satisfactory in more complicated

situations.

Jed Fuzzy grammars and fuzzy languages. [a5] re [17]

The concept of fuzzy sets was proposed by L.A. Zadeh in

order to handle mathematically situations in which =hbiguity is due

to uncertainty about the structure of the sets rather than randamess.

Results from the theory of fuzzy sets can be extended to formal

language theory, which is also formulated in tems of sets. This

also seers to apply well to syntactic pattern recognition, especially

when the patterns are imperfectly formed from the begiming, though

still retain a common underlying structure within a pattern class.

Let U denote the set of all elements in a class ("universe

of discourse")

Definition 3.5 A fuzzy set Ain vu is identified by a

merbership function Ro: U —* [o, 1]

defined such that for any elerent x EU, Pe is a number in

the interval [o, 1] indicating the degree of membership of x in A.
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The membership function can be defined in a tabular fom

if U is a finite set. In practice, U is usually infinite or too

large and therefore an algorithm for computing the membership function

is required.

The definition of a grammar can be extended to fuzzy granmars

by associating with each production a weight 6, QE [o, af

Similarly, the definition of acceptors can be generalized by

assigning a weight 8efo, 1] + to each transition. ‘These ideas will

be illustrated for regular fuzzy grammars and finite-state fuzzy

automata.

Definition 3.6 A regular fuzzy grammar is defined by a

quadruple G, = (XZ, N, S, P ) where:

(1) y is 2 finite state of nonterm

(2) N is a finite state of terminals

(3) S is the starting symbol

(4) P is a finite set of productions of the form

8
A—a w

or A-—~ a

where A, BEN; a€)}° and ge[o, 1]

Definition 2.7 A finite-state fuzzy automaton is defined

by a quintuple

Bp > (Oe Big , F), where:
5

(1) Q is a finite set of internal states

@) }j isa i

(3) S is the fuzzy state transition map:

6: ZxQx fu -Q

on“

ite set of input symbols
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(4) Te Q is the initial state

(5) F € Q is the set of final states

Definition 3.8 Given a regular fuzzy grammar Sp, the

membership grade of a string x € L(G.) is the maximm value of

any derivation of x, where the value of a specific derivation of

x is equal to the minimm weight of the productions used.

The classification of strings belonging to regular fuzzy

languages is simple to implement in hardware due to the following

property [oe]:

Theorem 3.1 Given a regular fuzzy grammar Gor there

exists a deterministic more finite-state autamaton AD with a

Set of final states F which computes the membership function

ft :D*--[0,2] cf the languag

A direct analysis of the definitions and properties given

for regular fuzzy languages and automata produces useful answers to

the problem of applying this method to defects calssification:

1) provided the regular fuzzy grammars are known, the

corresponding classifier is simple to implement in hardware

2) there are no general methods for defining and computing

membership functions; except for very simple or specially selected

cases, this disadvantec tically reduces the applicability of

this technique to complex situations.

It will be showm in chapter 6 that some of the attractive

features of fuzzy languages can be implemented using the concept of

syntactic distances.



45

3.3 Error correcting techniques [18 ]~ [22]

Error correcting techniques had been used originally in

the field of compiler error recovery by applying edit operations

in order to transform strings. Recently, a similar method has been

Proposed to classify imperfectly formed patterns for which

Stochastic or fuzzy languages are not adequate to apply because

the distortions are too complex.

This method will be examined closer because it seems to be

more powerful in handling imperfectly formed patterns and also

because the technique finally developed in this thesis is related

to the basic ideas of error correcting techniques. Although the

method has been developed for both regular and context free

languages, it will be introduced £ eguiar languages.

Three types of corrupting errors in the syntactic

description of a class of strings will be considered:

1) an & error, denotes deleting one symbol

2) a p error, denotes inserting one symbol

3258 S$ error, denotes changing one symbol to any other

symbol.

In this section, 2 method wilibe presented for deriving

the regular expressions which define strings corrupted by these three

types of errors, when knowing the regular expressions of the original

eerinces the ieee on is based entirely on results obtained in fis].
Consider now a Moore type finite-state automaton FSA =

(S378; E; Gi; %,)- This FSA is defined by a set of regular

expressions {R, 7 j in a} , where a denotes the set of strings

in X* which cause the FSA to halt in a state with output j .
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Given a string yin Ry the following operators are

introduced in order to deal with the types of errors defined before:

oy) = {x : x in x,

ee exror }

pw) = {xs xinx,

pe)
dy) = {x7 x inxs,

ae

These operators

of (Ry)

dR) =

Let a X and

strings of length 1 in Xs

x obtained from y corrupted by an

x obtained from y corrupted by an

x obtained from y corrupted by a

canbe extended to R,:

* 2 x in: eat Y a){
PR) = Ps peasant

x7 xin SW), ying}

let R be a recular expression defining

then from (3.7) - (3.5) follows:

ea) =A; KiaD ; K(f) =¢g
p (a) RataR; B(A) =R ; P‘p) é
Jia) = RNa; diky=G; Jig) = g

The results of applying the

concatenation and closure

defined by the identities

1) Union

<(P + Q)

Pe +Q)

8 +9)

a

"

2) Concatenation

YWo¢(P.Q)

Pe.a =

d(P.0) I

of regular expressions P and Q are the

(proof given in [18] ):

X(P) + 9¢(Q)

Rp) +Per+ po

5(®) + J)

(PIO + P.oK (Q)

prio +e, pio

d (P).0+B.d@Q)

(3.7)

(3.8)

(3.9)

(3.10)

(3.11)

(3.12)

all

(3.13)

(3.14)

(3.15)

error operators to the union,

(3.16)

(3.17)

(3.18)

(3.19)

(3.20)

(3.21)
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3) Closure

od(Py) = P, o< (P)P, 
(3.22)

Pes) eS Pers. +R (3.23)

CEN) Siac cs (P)P, (3.24)
Given the regular expression for a class of perfect

strings, the regular expression defining the error - corrupted

strings is determined by applying first one of the identities (3.16) -

(3.24) and then of one of the identities (3.13) - (3.15).

If the probabilities of errors and the frequencies with

Which input Strings occur are known, the regular expressions

defining the error - corrupted strings can be used to design a

stochastic finite ~ state automaton using Bayes' Rule. The

transition matrix of the automaton will be detexninistic, but its

Output function ¢ will be stochas

The procedure can be extended to handle situations in

which multiple errors can occur. Because the error Operators are

not conmutative, the regular expressions defining strings corrupted

by multiple errors must be derived separately, for each case,

Application of the Bayes' Rule to determine the Stochastic output

function also becomes complicated in this case.

In principle, the method presented in this section solves

completely, from a theoretical point of view, the problem of

classifying error-corrupted regular strings. The resulting classifier
can be implemented as a deterministic FSA with a stochastic output

function. The final success of a practical application largely

depends on developing efficient computation algorithms for solving
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the following problems for the realistic situation of multiple

errors:

1) estimation of the probabilities of each type of error

using a training set

2) deriving regular expressions for strings corrupted by

multiple errors

3) finding the stochastic output function of the FSA when

the probabilities of multiple errors can not be ignored.

Although these problems seem to be theoretically solvable,

they require considerable development effort. For this reason, the

investigation was continued to find a simpler way +o design a

classifier based on similar principles. ‘The resulting techniae,

which was finally adopted, is described in chapter 6.

3.4 Grammatical inference

The problem of learning decision functions from a training

set of patterns has been studied extensively within the framework

of the decision - theoretic method and efficient algorithms which

provide solutions completely automatically are well knom. By

contrast, the grammatical inference (GI) problem has received

attention only recently 2nd most results refer to string grammars,

little work is published in the area of high-dimensional GI.

Solving the GI problem represents an important prerequisite

to the acceptance of syntactic pattern recognition as a general

pattern recognition methed. A satisfactory solution does not

necessarily require a fully autamatic procedure, because using the

designer's knowledge of the problem to achieve dimensionality

reduction is an attractive feature of the syntactic method. The

emphasis in previous research on completely automatic procedures
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explains the limited degree of success achieved in this area. An

interactive procedure, in which the designer provides highly

relevant information and the computer carries out routine operations

would represent an ideal solution.

3.4.1 Problem statenent [23], [24]

The GI problem can be stated as the process of choosing

a "good" grammar for a language, as an extrapolation from a finite

set of samples from the language. The problem is "well-defined" if

it is stated in terms of:

(1) a hypothesis space - the class of grammars to be inferred

(ex: context free)

(2) an observation space - the training set

(3) an evaluation measure - an objective evalustion of the

accuracy of the solution (ex: perfomance of the corresponding

recognizer) .

(4) a complexity measure of the grammar (ex: the number of

productions and the number of terminal and nonterminals in each

production) .

eediee Basic definitions

Definition 3.9 An information sequence or informant

presentation of a languace 1, denoted I(L) , is a sequence of strings

from the set { | yer} U {+ | yey * = ut - A positive information

nm of a language L, denoted by I) ,is
Sequence or text presen

a sequence containing only strings fromL. A negative information

sequence, denoted by I (L), is an information sequence of L

containing only strings from nt -L.

Definition 3.10 An information Sequence is complete if



a. I*(L) contains all strings from L

b. I (L) contains all strings not in L

Definition 3.11 A sample is a subset of a complete

information sequence. A positive sample of a language L(G) is

Said to be structurally complete, denoted S(L) if each production

defined in G is used in the generation of at least one string in

ra.

Definition 3.12 A grammar Gq is compatible with a sample

S, (L) Ar L(G,) contains all strings in the positive sample and

none of the strings in the negative sample.

Definition 3.13 A class of grammars C is said to be

admissible if

a) Cis denm

b) for x€ J[*, it is decidable whether or not xeEL(G) for

any GéEC,

Definition 3.14 A class of languages L(G) is Said to be

identifiable in the limit if there is an inference algorithm D such

that for any GEC and any complete information sequence I(L(G)) there

exists a 6 such that

a) G. = G for t >&
%

where Gc. = D{(S.,C) and Gs = D{Se,C)

b) L(G,) = Lic)
6

354.3 Fundamental results in grammatical inference [25], [28]

Theorem 3.2 Let C be an admissible class of granmars.

There is an algorithm such that for any GEC, L(G) is identifiable

in the limit through an information presentation.



Theorem 3.3 Let C be an admissible class of grammars

which generates all finite languages and any one infinite language

L. Then L is not identifiable in the limit through a text presentation.

Theorem 3.4 Let C be a class of regular languages. C is

not identifiable in the limit through a text presentation.

3.4.4 Approximate language identification [33]

Previous work in GI has been implicitly concerned with the

problem of exact language identification; this is only possible if

such a granmar exists in the solution space. In the more general

case, where this assumption cannot be made, the best solution is a

grammar whose language approximates the unidentified language with

a satisfactory degree of accuracy.

The concent of approximate language identification

represents a major progress i ii not be discussed

formally because it was used implicitly rather than explicitly in

this thesis. In principle, this concept Supports the idea of

approximating the description of defect patterns by regular languages

Since the emphasis is on a satisfactory recognition performance

rather than on accurate Gescription. The specific implementation of

this approach is discussed in chapter 5.

ade) Review of gr=cretical inference techniques

The GI algorithms described in the literature can be

Classified according to various criteria:

1) class of grammars

- regular [32]

~ context free (restricted) [26], [27]
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2) types of grammars

- deterministic [52], [27]

- stochastic [26], [29], [20]

3) dimensionality of patterns:

- strings : most of the work

- two-dimensional [24]

4) procedures employed:

~ enumerative [25]

- inductive [32]

heuristic [31], [24]

interactive [23]

The inference of defect grammars requires an algorithm

which can derive deterministic two-dimensional recular grammars;

enumerative procedures should be avoided because of the astroncmical

complexity for a large training set; positive and negative samples

are available and an approximate solution is acceptable.

Although none of the algorithms proposed in the literature

completely satisfied these conditions, a suitable combination of

techniques could lead to an acceptable solution. The method which

has been developed is described in detail in chapter 5 and combines

the algorithms described in {32



53

4. SYNTACTIC REPRESENTATION OF DEFECTS

Selecting a pattern description formalism is the first

major task in the development of a syntactic pattern recognition

system. The formalism described in this chapter represents an

original solution which has been developed by the author to satisfy

the specific requirements of the present problem:

a) provides a satisfactory description of the two-dimensional

structure of the defects

b) can be extracted at the high speed imposed by real-time

conditions, using simple, standard digital integrated circuits.

41 Selection of pattern primitives and compositi

descriptors

Since the system which extracts the representation of the

defects interacts with the delineation system, the primitives and

descriptors have been defined taking into consideration that the

delineation of the defects is performed on a scan by scan basis.

This method is well adapted to the operation of the

inspection system and suggests the selection of the pattern

primitives and composition descriptors in tems of the information

contained in successive scan sections of the same defect. Although

in this way the degrees of freedom in selecting the pattern

primitives and composition descriptors are restricted, this solution

was adopted because it simplified the extraction of the syntactic

representation of defects and can be implemented at high speed, an

essential requirement for an on-line application.
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Comments included in the programs use the shorter

terms "symbols" and "predicates" for pattern primitives and carposition

descriptors, respectively. In the text, the short-tem "syntactic

element" will refer to a patter primitive / composition descriptor

pair assigned to the same scan section.

4.1.1 Patter primitives

Scan sections (SS) consist of one or more segments (SEG)

of 1-trigger samples; both were defined using the following regular

expressions:

SEG = 11,00, (4.1)

SS = SEG 00,(SEG 00,), (4.2)

After analysing the structure of the defects, it was

decided to define the pattern primitives associated to scan sections

in terms of two parameters:

a) the mumber of segments included in the scan section (Ng)

b) the length of these segments (Lg)

It is evident that the pattern primitives as defined

describe the properties of the patterns in the transversal direction;

further, the number of different pattern primitives which have to be

defined is problem dependent. To a certain extent, it is possible

to describe quantitatively some geometrical properties, by an

appropriate selection of the pattern primitives, using two sets of

thresholds, defined in the following sections.

Consider a first set of integers Nj, Nor --- » Nur such

that Ny < Ny,Gp torial, Bp wey. Oho, ate let Ng denote the

actual number of segments in a scan section. The parameter
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describing the number of segments in a scan section, Pyy (Ng) 5

was defined as follows:

i JENS < Ny

Py (Ng) = itl i€N, ¢ Nog Ni yy forl¢gigm-1 (4.3)

mt+l ifNy > Ny

A similar method has been employed to define the second

parameter of a pattern primitive, by selecting a set of integers

Ly Lor seer ep Tye af. Ng = 1 and the length of that segment is Lgr

the value of the parameter Py (Lg) is defined as follows:

1 ifIg < ly

Py(lg) = i+ 1 HEL, € Ig < Wy yy, forl¢<gign-1 (4.4)

nt ifle 2

TE Ng > 1, there are several ways to characterise the

length of these segments, the sinplest being to select the minimum

or maximum length and to assign an unique value to the paramter Py

by substituting in the preceding formulae

Le = min L

: et (4.5a)
Ns

or Lg = max Lg. (4.5b)

Ng =

Consequently, by selecting a number of m and n thresholds

for the parameters Py and p Lr respectively, one can define a number

of (m+ 1)(n + 1) different patter primitives which will

characterise the scan sections. The specific values of these

parameters were selected foll ‘« the procedure discussed in para

4.1.3 and are given in table 2.
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TABLE 2. DEFINITION OF PATTERN PRIMITIVES

es Definition of Paramter Py (Ng)

N, =1, N,=2, Nj =3

1 LE Ng = 0

2 if Ng=1

Py (Ng) =
3 if Ng =2

4 if Ng >3

ee Definition of parameter Pp (Lg)

Ly = 12, ly = 25

if Ng = 1:

1 Bis Lael?

Py(Be)=42 de Sag <a < 25

3 de Be

4£N, > 1, Lg =min Us)

N,
Ss

Se Definitions of pattern primit

P yy Mg) P

ae = a

2 1 a

2 2 3

Z : ; Note: P = 1 when the
5 a 5

3 > Be defect described is

Ss 3 6 not encountered in the

2 & i, current scan.
4 2 Ze

4 3 7
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4.1.2 Composition descriptors

After analysing the structure of the defects, the

composition descriptors were selected to characterise the connectivity

relationships which exist between the current scan section and the

preceding scan section belonging to the same defect, in terms of

two parameters:

a) The degree of connectivity, defined as
q

XN
Cc

Cree teas 
(4.6)‘Ss Ng

where No - the number of common triggers

Ng ~ the nunber of disjoint triggers, as illustrated in

fig. 4.1.

This parameter was then mapped to a set of integers by

defining a set of thresholds cy, Cp, Ciera SD as shown in the

preceding paragraph:

Beate Cea aCe

d(C) c= Amita GeQg¢c for i < age (4.7)ase

p41 if cc,

b) The type of connectivity (GQ) , Which specifies the

position of the current scan section considering as reference the

preceding scan section, ging to the same defect. This

Parameter can be express in a simple manner if the number of

segments in the two scan sections is less or equal to two, but

becomes complicated and difficult to interpret for more than three

segments in a scan section.

The composition descriptors as introduced characterise

the properties of the patterns in the longitudinal direction; table

3 defines the composition descriptors used in the thesis.



ADO AIDA jist scan
Ce] VAAL ALI ELODIE: _j2nd. scan

----0 0] } if Pl thetst octane Ist
a7 LUI) COG Sang

Fig.4.1 Definition of the degree of connectivi

Si}(C,+Co) Sif Cy

ae
Sed ae oe

Sij NM SijCa "

(Py) {P5)

Cc, =a) Wt om<k

Co =! if m=k

C3 =] iff m>k

Ci-binary variables

Fig.4.2 FSA Transition matrix

section

section

section

section

ty
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TABLE 3. DEFINITION OF COMPOSITION DESCRIPTORS

ae Definition of connectivity degree

cy = 0.5, Cy =2

jie Cre Cy

ag(Cg) =]2 1f GY < Cg < Cy

ole Cy < Cg

2; Definition of connectivity type (To) : refers to situations

in which the defect described is not encountered in one or both

consecutive scans (i, i - 1)

Ped Ee te

1 1 1

1 1 2

1 1 3

1 1 4

oe Definitions of composition descriptors (D)

Ts a, (Cg) D

1 a iL

2 1 2

3 a 3

4 5 4

4 2 5

4 3 6



4.1.3 Evaluation of the separation capabilities of the pattern

primitives and composition descriptors

The selection of pattern primitives and composition

descriptors is in general based largely on intuition, as is the

selection of features in the feature space method. This is an

important and difficult problem; the pragmatic approach adopted in

this case was to select a set of primitives and descriptors and to

compute their destribution over the pattern classes, in order to

evaluate their separation capabilities. However, it is essential

to bear in mind that similar primitives and descriptors can define

pattems with a completely different structure, if the productions

of the grammars are different.

4.2 The formali a for describing two-dimensional patterns as

strings of pattern primitives and camposition descriptors.

In the present case, the general expression which was

introduced in par. 2.2 has been rewritten in a simpler form, by

taking into account two special properties of the selected pattern

description language:

1) it is restricted to the class of regular languages

2) the composition descriptors are defined between two

adjacent scan sections.

Consequently, it was decided to write the productions of

the pattern grammars in the following form:

A —» (a, d) B (4.8a)

or A —» (a, a) iS e (4,8b)

Where: A, B - (nonterminal) subpatterns

a - pattern primitive associated to a scan section
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d - composition descriptor, specifying how the pattern

primitive a is connected to the pattern primitive

associated to the previous scan belonging to the

same defect.

A two-dimensional pattern which extends over n scans

will then be represented by a string of pattern primitives and

composition descriptors of the form:

P= ayd, a45, 443, sees 7 ALG, (4.9)

In a strictly formal sense, both ay and qy can be regarded

as symbols; by assigning a syrbol S,; to each distinct pair (aja),

the representation of the pattern is formally encoded as a string

of symbols:

P = S)So .--- S, (4,10)

Hence all the syntactic classification methods developed

for strings can be applied to two-dimensional patterns.

Quantitative geometric properties in the longitudinal

direction can be described to same extent, if necessary, by adding

a counter - comparator device to the finite - state automaton, thus

enhancing the capabilities of a regular grammar. This necessity occurs

when two patterns belonging to different classes can be described

by similar pattern prin ve / composition descriptor pairs, but

the corresponding strincs have different lengths.

A simple example illustrates this idea, in connection with

the state transition graph shown in fig. 4.2:

y= {a;45)

2 (ajd,)" = ()" wheren > k (4.11b)

m
(Sj3)" wherem € k (4.11a)

M1
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As an illustration of the formalism introduced in this

Saran , fens syntactic description of the defects encountered

in the videoprint shown in fig. 4.3 is listed in table 4. The tails

of 1/1 syntactic elements originate fran the operation mode of the

capture rectangle technique and are interpreted as "no scan sections".

4.3 Extraction of the syntactic representation of defects

The present paragraph describes the technique which has been

developed for extracting cn-line the representation of the defects;

the structure of the designed block, denoted EXSYN, is outlined in

fig. 4.4.

The main fimction of this block is to assign a pattern

primitive and a composition descriptor to each scan section, by

processing the trigger samples generated by the scanner. The

operation of the block takes place under the control of the

delineation block [3] , which provides the following signals and

data at its output:

1. beginning of a new scan section (BSS)

2. end of the current scan section (ESS)

3. the number of the defect with which the current scan

section must be associated (ND)

4. a signal which indicates that two originally distinct defects

have become so close that they have had to be merged (EQ)

5. an'‘end of scarl'signal (EOS)

The pattern primitives are extracted by processing the

trigger samples of the current scan only, according to rel. (4.1) -

(4.5); the unit which implements this function (SYMEX) is initiated
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by the signal BSS and presents the code of the pattern primitive

eacoeieted to that scan section at its output, where it is sampled

by the ESS signal.

The composition descripters are extracted in the PREDEX unit,

by processing the trigger samples of both the current and previous

scan sections belonging to the save defect (which must therefore

be stored in a shift register), according to rel. (4.6) - (457) &

If the current scan section is the first one of a new

defect, the "previous" scan section is assumed to consist of a

sequence of O's.

The hardware implementation of these two units is

relatively simple and is discussed in chapter 9. The operation

of these units is simulated by the subroutines SYMEX and PREDEX,

respectively, which are called by the program CLUMPL, described

in para. 4.4.2.

4.3.1 Multiple defects

The previous discussion was concerned with the simplest

case, when defects occur at relatively long intervals, such that

the situation in which the system must deal simultaneously with a

certain number of separate defects, as shown in fig. 4.3, does

not arise. For practical reasons it has to be assumed that there

is a maximum number of active defects which must be considered

simultaneously at any time, denoted Nyy, and consecutive defects

are numbered in increasing order, modulo Nyy.

The delineation system associates to each scan section

the number specifying the defect to which this scan section belongs.
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Fig. 4.3
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This number is then attached to the pattern primitive and

composition descriptor associated with the same scan section and

transmitted as a syntactic information unit (SIU) to the classification

system.

The computer printout in table 4 shows the syntactic

information units which were extracted for the sheet represented

in fig. 4.3.

4.3.2 Merging separate defects

Certain complications are introduced by the situations in

which two defects are initially assigned separate nurbers, but merge

later because the distance between them decreases and the capture

rectangle covers both. In these cases the delineation block will

assign the greater defect number to both defects and subsequent

scan sections belonging to the merged defect will be assigned the

common number.

The main difficulty is due to the scan sections belonging

to these two defects, which were encountered in the scans preceding

the scan in which the defects merged and therefore had already been

transmitted to the classification system with different numbers

assigned to them. In principle, this problem is solvable for the

class of regular languages, because the only information a FSA

retains about symbols already scanned is contained in its current

state. Before merging the defects, each one had a FSA allocated, whose

current state was updated as new scan sections were enccuntered.

The current states of these two FSA's contain therefore a_description

of the two separate defects. When the two defects are merged, the
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descriptions provided by the current states of the corresponding

FSA's can be combined to obtain a unique description of the merged

defects. In practical terms, this idea can be implemented by

using the output of a FSA as a special input to the other FSA,

which will execute a "forced" transition when this input is enabled

by the signal EQ. This principle is illustrated in fig. 4.5.

The procedure discussed above is of interest for the

actual on-line implementation of the syntactic classifier. At the

present stage, a complete description of all defects is more

important, in order to infer good grammars. Consequently, the

program which simulates the extraction of the syntactic description

is based on a different approach, which produces an accurate

description of all defects, but can not be implemented on-line,

because it requires two cycles of operation:

rte in the first phase, each scan section is processed

separately, and the corresponding SIU (defect number, pattem

primitive, composition descriptor) is stored; all merging operations

are recorded in a table which indicates the defect numbers which

became equivalent.

Ze in the second phase, the merging table is rearranged to

take into account multiple, successive merging operations; then the

information obtained in the first phase is updated scan by scan,

modifying the SIUs assigned to scan sections which have been merged,

as follows:

- the last defect number becomes the defect number of the

merged SIU
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- the pattern primitives are conrbined in pairs, according

to a merging table for pattern primitives

- the composition descriptors are combined in pairs,

according to a merging table for composition descriptors.

Table 5 and table 6 show the two merging tables used in

the thesis.

4.3.3 Non-contiguous defects

The vertical dimension of the capture rectangle, denoted

Ky, is in general greater than 1, in order to permit the delineation

of defects which consist of non-contiguous sections. A defect is

rendered inactive if no scan sections are assigned to it over a

number Ky of consecutive scans. The situations in which no scan

sections are assigned to a certain active defect over a scan are

not insignificant, because this characterises how "compact" a

defect is. In order to deal with this type of situation, the

EXSYN block carries out an additional operation when it receives

the signal EOS : for all active defects not represented by a scan

section over the current scan, it generates a special SIU,

consisting of: the number of the defect, the NOS pattern primitive

and NOS composition descriptor (NOS - "no scan section" is coded

as no. 1 in tables 2 and 3).

4.3.4 Syntesis of the string representation of defects from

the sequence o= SIUs

The output of the block EXSYN is a continuous sequence

of SIUs, which characterise scan sections, ordered from left to

right within a scan and followed by a tail of special SIUs (NOS/

NOS) for the active defects not encountered during a scan.
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TABLE 5 MERGING PATTERN PRIMITIVES
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7 ee) ee ST? late] eT

TABLE 6 MERGING COMPOSITION DESCRIPTORS

2
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1 inom aut s Nae

2 2otke oan oo deen G saa

3 900 ao pa die
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6 Ciey Sirs SAS dean Garg
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The synthesis of the string representation of defects consists of

concatenating the SIUs belonging to the same defect, in the order

in which they were encountered during the scanning process. ‘This

operation is perfomed only in the design phase of the classifier,

for infering the pattern grammars; during the on-line operation of

the classifier, each scan section is processed as it is encountered.

Table 7 illustrated the method by showing the final syntactic

representation of the defects encountered on the videoprint depicted

in fig. 4.3, obtained by processing the scan sections listed in

table 4.

4.4 Programs for extracting the syntactic representation of

defects

The FORTRAN program for extracting the syntactic

representation of defects is organised as shown in the flowchart in

fig. 4.6, which outlines the main functions of the program:

1. Reads the problem parameters: the identifiers of the

sheets to be analysed, the dimensions of the capture rectangle

ky and Ky and the parameters of the pattern primitives and camposition

descriptors.

2. Reads the date which corresponds to the selected sheets

from the main data base, rranges this data and writes it ina

convenient form on magnetic discs. This operation is necessary

because the main data was acquired at SIRA using an automated test

rig and the organization of the data on the recorded tapes is largely

imposed by the operation mode of the test rig (for details see

Chapter 7), but is not convenient for frequent access by the subsequent
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programs, which are run on the CDC 7600 computer.

3. Extracts the SIUs (sheet by sheet and scan by scan),

carries out the modifications required by merging processes and

writes the resultant array on a file denoted SYMPRED.

4. the SYMPRED file is processed in order to synthesise from

Separate SIUs the syntactic representation of the corresponding

defects, which are then stored in two tables (IT and KST) and

recorded on another file.

5. Finally, the string representations of the defects are

analysed in order to evaluate the separation capabilities of the

pattern primitives and composition descriptors and also the length

distribution of the strings in different classes.

and execution convenience, the flowchart

represented in fig. 4.6 has been implemented in two separate main

programs, called CLUMPL (for CLUMP-ing Linguistic) and LIPAN (for

Linguistic PAttern Analysis). Since the execution of the CLUMPL

program simulates the operation of the EXSYN block of the syntactic

pattern recognition system (see fig. 4.4), it was considered that a

detailed description of this program is useful for a better

understanding of the hardware implementation which is discussed

in Chapter 9. The compl rograms are listed in [34] .

4.4.1 Information Structure

This paragraph defines the main data structures used in the

programs CLUMPL and LIPAN, their functions and dimensions:

4.4.1.1 Specular videoorint data:for the purpose of this thesis,

the specular videoprint data, which is extracted from the data
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provided by the scanner using the matched filters technique, will

be considered the main data base. This file is divided in subfiles

corresponding to the sheets whose videoprints were recorded, each

identified by a 10 character name; each subfile is organised in

blocks of data describing complete scans, as shown in fig. 4.7.

4.4.1.2 Arrays TRIG and PIRIG: since the entire system operates

on a scan by scan basis, it is necessary to store in core memory

the trigger samples of the current scan (TRIG) and previous scan

(PTRIG) - the later is required for the extraction of composition

descriptors.

4.4.1.3 Array SYMPRED (2000,4): is a two dimensional table which

stores the SIUs as they are generated and finally the SIUs which

result after proces: the merged defects.

The scan sections are characterised by 4 parameters,

which are stored in successive rows as follows: column 1 - the

@efect number; colum 2 - the pattern primitive; colum 3 -

the composition descriptor ; column 4 - the scan number to which

the scan section belongs. (This information is required in order

to identify scan sections which are in the same scan).

4.4.1.4 Array DEFST (50,4): describes the current state of the

defects. Each row of the array describes the state of a defect by

storing the following parameters:

Colum 1 - is a flag (1/0) which indicates whether a

certain defect is currently active or inactive; colum 2 - specifies

the number of scans over which an active defect was r seen;

column 3 - stores defect numbers equivalences induced by merging

operations; colum 4 - is a flag (1/0) which indicates whether a
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certain defect is active/inactive over the current scan.

4.4.1.5 Arrays 17(1024,3) and KST(10000,2):

Together, these two tables are used for storing and

retrieving all strings, using a fast hashcoding technique which is

described in par. 4.4.4, Basically, this method assigns an unique

integer number to each string, which represents the entry in the

table IT associated to that string. The first colum of that

entry represents an address pointer to the first location in table

KST where the string is stored; the second column stores the length

of the string and the third column of table IT stores the class of

the pattern described by that string. In the table KST, the first

colum stores the pattern primitive and the second colum stores the

composition descriptor. ‘The procedure is illustrated in fig. 4,8

and has the merit of using the memory in an efficient manner and

operates very fast.

4.4.2 The program CLUMPL

The general structure of the program is explained in the

flowchart in fig. 4.6; the complicated functions of the program

(processing of scan sections and reprocessing the merged scan sections)

are detailed in separate flowcharts (fig. 4.9 and fig. 4.10), which

need only a few comments.

4.4.2.1 Scan section processing

The beginning of the first scan section is defined by the

first trigger sample which is 1; the following scan sections are

defined by the first trigger sample which is 1 and follows a sequence

of at least K, O's. The end of a scan section is defined by the Kth
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O-trigger sample or, in case of the last scan section, by the last

trigger sample. These functions of the Program are implemented using

a) a variable FLAG (O/1) to indicate whether the current trigger

Sample is between or within scan sections, respectively.

b) a counter NZ which is reset by each l-trigger sample and increased

by each O-trigger sample.

This section of the main program calls the following

subroutines :

a) SYMSET: assigns a defect number to each scan section and

indicates when a merging occurred.

b) SYMEX: assigns a pattern primitive to the scan section

c) PREDEX: assigns a composition descriptor to the scan

section.

4.4.2.2 Reprocessing the merged scan sections

Merging operations are indicated by the 3rd column of the

DEFST array, which is changed from its nomal value (equal to the

xow number) to the number of the combined defect when a merging

operation takes place. The reprocessing of the merged scan sections

is described by the flowchart shown in fig. 4.10.

4.4.3 The program LIPAaN

The general str=cture of this program is given in the

flowchart in fig. 4.6, which is selfexplanatory. The following

subroutines are called in the program LIPAN:

4.4.3.1 WRKST: writes a string and its parameters (length and the

class of the pattern represented by the string) in the tables IT and

KST; the row number of the Table IT assigned to the string is

computed by the subroutine HASH, which is described Separately in
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the next paragraph, because of its importance.

4.4.3.2 SPAN: extracts all pattern primitives and composition

descriptors used in the strings belonging to the same class and also

computes the frequency of these elements (together and separately)

per each class, in order to evaluate the separation capabilities of

the selected syntactic elements.

4.4.3.3 LENAL: computes the length distribution of the strings

within the classes, in a number of intervals which can be adjusted

as a parameter.

4.4.4 The hash coding subroutine (HASH)

Computationally, syntactic pattern recognition is a

nonnumerical application in which writing and retrieving strings of

variable length are mental operations and must therefore be

executed at maximum speed and with an efficient memory utilization;

one of the best solutions to this problem is hash coding [6].

The hash storage mechanism uses a hasing function, h, a

hash table, a data storage table and a name table. In the present

case, the hash table and the data table are combined and denoted by

IT; the name table is dencted by KST and stores the strings (fig. 4.8).

The hashing function employed by the subroutine HASH is

defined as follows:

£
ho =} (04 +4) man+1 (4.12)

i=l

hy = (ho +x) man (4.13)

where x4 are pseudorandon numbers generated by performing the sequence

of operations:
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R=5R (initially R = 1) (4.14a)

R= Rod 4n (4.15b)

r= [R/] (4.16c)

It was found that this hashing function scatters the integers

uniformly throughout the table IT. Relation (4.12) is valid only if

the number of distinct pattern primitives and composition descriptors

is less than 10; if this condition is not satisfied, the constant 10

must be increased accordingly.
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2 INFERENCE OF REGULAR PATTERN GRAMMARS

After selecting a set of pattern primitives and composition

descriptors, the next problem to be considered was developing a method

to infer the pattern granmars. Experience gained during the initial

stages of this study has shown that infering good grammars is a

complex process, even when the structure of the patterns is relatively

simple, because the whole procedure has to be repeated: 1) for each

set of intuitively designed pattern primitives and composition

descriptors; 2) for each pattern class separately; 3) for successive

solutions, with increasing degrees of accuracy and therefore

increasing complexity; 4) when new patterns are added to the training

set. Consequently, it was decided to develop and precram an algorithn

for grammatical inference, specially adapted to the requirements of the

present application:

1) the solution space should be the class of regular grammars,

capable of approximating the language with adjustable degrees of

accuracy and complexity.

2) the algorithm should be capable of handling two-dimensional

patterns, described by the formalism introduced in the preceding

chapter.

3) the training set of patterns contains defects in n classes

and the algorithm should produce a separate granmar for describing

each pattern class (languace).

Since no method nd in the literature surveyed [23] [32]

satisfied completely these requirements, the approach taken was to
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adopt and extend an algorithm proposed by Bierman and Feldman for

infering a regular string granmar from an informant presentation of

a language [32] + This algorithm is reviewed briefly in the first

Paragraph of this chapter. The second paragraph describes the

procedure which has been developed in order to generalize the algorithm

to the case of multi-class, two-dimensional patterns, as required by

the present application. Finally, the practical implementation of the

algorithm and the corresponding FORTRAN which has been written and used

are described in the last paragraph.

Bek Algorithm for synthesizing a finite state automaton from a

sample of a regular language.

This paragraph contains a brief presentaticn of the algorithm

developed by Bierman and F x igning FSAs from samples of

their behaviour [32]. Tre formal proofs concerning the properties

of the algorithm can be found in the original paper,

S.le1 The Nerode relation

The inference algorithm is described best in tems of an

equivalence relation introduced by Nerode and redefined in [32] as

follows:

Let 0 be a set of terminal symbols and f a function which

assigns to strings xe 1)* values in I = {a EAs ista'a ey y}. The function

£ is not necessarily total; for some strings x, f(x) = 0 (undefined).

For example, if we have a set of strings which are to be accepted and

a set of strings which are to be rejected, the function £ will assign to

these strings the values 1 and 2, respectively.

Let x and Z be two stringse)) * and xZ their concatenation;

the function f (xZ) will be denoted £,,(2) Z
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The Nerode relation Re on the set >) * is defined as follows:

(x, Xp) 3 Re iff ea ee (Z) for all Ze D* (5.1)

The equivalence class induced by Rg which contains a

string x is

le * {xen* | w xe Re } (5.2)

The function f is called a finite-state function if the

number of equivalence classes is finite. The equivalence classes

[x], can be regarded as the states of a FSA which computes the
=

function f. This machine, denoted M(£), is defined as follows:

M(f—) = (2,33 ro + Ay F) (5.3)

where J} - the finite set of input symbols

o ={ Bday | xex*}- the finite set of states
£

Sx R,!?) ={ [xa] Re } - the state transition function

(aed )

(2 el DJ Re - the initial state

FeQ - the setof final states

where F, =f Fle, | f(x) =i, i€I} - is the set of final states

associated to output i.

5.1.2 The modified Nerode relation

Bierman and Feldman have suggested a modification to the

Nerode relation, by introducing a parameter K to describe the

maximum length of the suffixes which have to be considered when finding

the equivalence classes.

The training set T is defined formally as a subset of

2 * x I, such that if (x, i)€ T, then f(x) =i. The strings in the

training set are denoted P(T) because they represent the projection
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of T on the coordinate x. Let £ . be defined as the restriction

of f to the pairs represented in T : £,(x) = 0 if xt P().

(K)
The modified Nerode relation, Eq , is defined as follows:

for a given K } 0,

(x,,x,)e& TM ise for all z€¥* with length |z| < k:
Pr

(1) x Z€ Put) ith Xo € P(T) (5.4a)

(2) D (4,2) = a (x52) when defined (5.4b)

The equivalence classes induced by 2 in the set D)*:
py? ={ x | w re x} (5.5)

will become the states of a nondeterministic FSA defined as follows:

u® = @2r,d,q,F)* (5.6)

where: Q { fle } - the finite set of states

2X - the finite set of input syrbols

& - the state transition function, defined as follows:

$ ([x], a) { [2] | xe [s}}. aé) is constructed recursively:

6 (kk) A) ={ Ey}

Sam = WIS de], a

a

dg =

FeQ - the set of final states.

The nondeterministic output function associated to M (x)

and input string x is:

nw ={2 @|&

; +, (k)
The function h sy

fd], x) and ZeP(T) } (5.7)

represents an approximate realization

* The subscript T and the superscript (k) will be dropped in the

subsequent definitions in order to simplify the notations; for

example, (k)
Ep will be written simply as E.



of the function fo ; the degree of accuracy can be adjusted by the

designer by varying the value of the parameter k. For low values

of k, M (k) is nondeterministic, has few states but a low degree of

accuracy; for higher values of K, the number of states and the

(k) becomes detemninisticdegree of accuracy increase. Finally, M

and the function f, is computed exactly, if k is equal or greater

than the length of the longest string in P(T).

These properties can be expressed formally as follows:

Property 1. Iff pi) is defined, then £ p(x) € h(x) (5.8)

Property 2. If k is greater than or equal to the length of the

longest string in P(T), then

na) = [f.00} if xeP(a) (5.9a)

h(x) = @ otherwise (5.95)

Property 3.

nine Mie San ook ee (5.10)
(x)

Property no. 2 reveals that Mp is an acceptor of

exactly the set P(T), but does not accept any string x¢ P(T) This

important limitation implies that only the training set can be

classified correctly and the recomizer has no extrapolation

capabilities. Since in practice >( T) is always a subset of the

language which has to be accepted, it is necessary to find a set

of conditions under which the set T contains enough information

to pemit an extrapolation fram fp torE.

oL.3 Correct extrapolation from £ to £

The restrictions on P ( T) which guarantee that ae

will extrapolate from fp to £ can be expressed using two auxilliary

sets of strings.



a) The set A, is defined to be any set of strings in 2*

such that:

1. every state gq of M(f) is reached by some string Z in Agi

dn, [A] nr) = 4

2. every prefix of a string in Ag is also in Ag = if

Z = 225 cece Zn € Agr then

22024 eee Z,€ Agr LOE Lee p27? aeieie! 7p TL

b) The set B, is defined to be the set of strings in })* of

length r or less:

B= { w | wed*, |v] § ry (5.11)

The sets Ag and By ** are used to express the restrictions

on T which will enable M he to extrapolate from i, to £ as follows:

Property 4. If £ is a finite-state function and the value of the

parameter r is selected high enough, then for all T such that

p(t) = {xe aAgxB, | £(x) defined }

and forall “-xe)}*

£ (x) if £(x) is defined (5.12a)

np () =| otherwise (5.12)

There is a problem in that property no. 4 requires ana

priori estimate of the value of r, which is difficult to find. In

practice, this difficulty can be overcome by increasing the value of

m until the performance of the recognizer uTM becomes satisfactory.

** the strings in B, are sometimes called "tails".
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5.2 Generalised algorithm for constructing FSA acceptors of

multi-class two-dimensional patterns from samples of

languages

In order to became applicable to the present problem,

the algorithm described in the preceding paragraph requires two

Major extensions:

a) a convenient method of handling two-dimensional patterns

has to be incorporated in the algorithm.

b) the training set, which consists of a sample T of patterns

in N classes, has to be interpreted as an informat presentation for

the purpose of constructing individual class-recognizers.

The fact that the grammar inference problen is alweys solved

off-line, in the desion phase of the syntactic recocnizer, has been

exploited to derive simple solutions to these problers, based on

convenient interpretations of the available information.

It has been shown in the preceding chapter that the

formalism developed for the present application reduces the

vepresentation of two-dimensional patterns to strings of pattern

primitives/composition descriptors, called syntactic elements.

Consequently, it is possible to extend the original algorithm to

handle two-dimensional “y replacing all synbols in the

original formulation with syntactic elements, according to the

convention that in a formal sense each distinct pattern primitive/

composition descriptor pair is interpreted as a combined symbol,

as in eq.- (4.9) and (4.10).
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The second problem was also solved by assigning convenient

interpretations to the classes of the patterns in the training set.

IE S, denotes the set of patterns in class k, the

following relations are valid for any sample T:

N

ae hse (5.13)

a G@ fori+#i (5.14)

For any class k, the set T can be partitioned in two

disjoint subsets:

7 Se Se (5.15)

where Se = Sy. is a positive sample of iy
N

§ U Sy is a negative sample of Ix

i=l

ik

Consequently, the set TT can be partioned to represent a

sample of the language ly for each separate class k. The grammatical

inference process can therefore be decomposed into N similar problems

of deriving separate grammars G for each class k (k = 1, 2, ..- , N),

using as samples of the languages Ly the partitions of the set T

Gefined by the equations (5.13) - (5.15).

Since the final task is to design the finite-state

acceptors for each class, -he algorithm will be oriented towards

designing directly the FSA rather than the regular grammars for

each class. Assuming that the acceptor for a class k is

5A > (ppm! 1 Gor F)

the states Q satisfy the following class assignment:
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Dy teceeeceeeeceee moO defect

Fo osseeeeeeeeeee- Class 1, patterns in class k

OF-q, coeeeeeeee- Class 2, patterns not in class k

An alternative method would be to design a common acceptor

for all defects and to assign classes from 1 - N to the

corresponding states. Preliminary experiments indicated that this

approach leads finally the an increased complexity of the syntactic

classifier, which will be described in chapter 6.

One of the theoretical difficulties of the original algorithm

is related to the estimation of the parameter k. Since the generalised

algorithm discussed in this paragraph is intended to be

implemented as a program executed on a powerful computer, it was

considered that a practical and acceptable solution to this problem

would be to increase the value of k from 1 to a maximum value (say

10) and to select the optimum solution as a trade-off between accuracy

and complexity.

Experience has shown that the algorithm in the final form

could be implemented simpler by using a construction technique which

required additional modi=i ions to the original version. Basically,

the construction techniaie developed consists of generating

automatically all strings in Ag x Ber and assigning class O to the

strings which are not in P(T). This class is interpreted as a

don't care condition in the definition of equivalance classes, so

that the equivalence conditions are relaxed:
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(x) € EO) ise for a zee,

JZ] gk: fp 42) = fy (x52), when both are defined.

This important modification determines new properties of

uM), 3

Ls the speed with which the algorithm converges to a solution

is increased.

2s the nunber of states is reduced artifically and this can

lead to a degradation of the recognition performance due to:

~ false recursive properties (loops), hence excessive

extrapolation.

- increased amount of nondeterminism.

axsition fimction é (q, a) hes at least cone
3. the state

member for anyq € Q andae yD.

The main advantage obtained by the modifications mentioned

above is that a simple and approximate solution is always derived

while the performance can be improved by augmenting T in an

interactive process or by increasing the value of r.

5.3 Practical implementation of the generalised algorithm

If the training set T contains all the infommation

specified in par 5.1.3, <he algorithm can be executed completely

automatically, but experience has shown that this is rarely the

case. In general, simple interactions with a trainer were necessary

in order to improve the performance of the recognizer; it is the

task of the algorithm to specify the additional information required,

by printing the corresponding messages.
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Practically, the algorithm is applied repeatedly for each pattern

class and consists of the following major steps, represented also

in the flow chart in fig. 5.1:

Sock Selection of the initial set A: the patterns in the

training set, represented as strings of syntactic elements.

53.2 Computation o£ the set Bt all k-tails Wis Jil $k,

are extracted from the strings 1 in the pattern class currently

processed; the ‘strings in other classes, XQyr need not be considered,

since their k-tails, Wy, cannot introduce separations in the

existing equivalence classes, because

= Ee aay
= (wo) oe (wy) 2(or O, if undefined)

Doses Computation of the equivalence classes

a) tenating

all p= | B,| strings in B, as suffixes:

a { ex | Xe Agr 5, € B, }
b) the classes C; of the strings Xyy are retrieved from

the training set of samples (1), according to the relations (5.13) -

AS LB SITE. isc € P( T), it will be assigned class O and interpreted as

a don't care condition.

c) the equivalence class defined by the string x is

determined by comparing the vector C = CyCy «+» C. with the vectors
P

defining the existing equivalence classes, as follows:

- the components cy = 0 are discarded, in order to avoid

the introduction of unnecessary new equivalence states.

- if all nonzero elements of vector C are identical with

all nonzero elements of a vector defining an existing equivalence
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class, the string x belongs to that class.

- if the previous condition is not met for any of the existing

equivalence classes, the string x defines a new equivalence class.

As a result. of introducing don't care conditions, situations can

occur in which the same string x belongs to more than just one

equivalence class Q, as in the following exanples:

1. C(x) = 3406, Q) = 3416 and Q3 = 3426;

x€ QQ andx € Q3

2. C(x) = 1430, 4 = 1430 and Qs = 1402;

x € QO, and x € Os,

Constructi

After detecting the equivalence classes, the set Ag is

redefined to include:

(a) at least one string for each equivalence class (for

convenience, the shortest is selected)

(b) all the prefixes of these strings (if not contained in the

training set, the intervention of the designer is required)

5.365) Computation of the final equivalence classes:

all the ope: ciscussed in step 4) are repeated for

the new Ag set.

Dede0 Computation of the state transition matrix of the acceptor:

the equivalence classes are interpreted as states and the

computations defined by the eq. (5.6) and (5.7) are performed in the

following sequence:
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a) for each equivalence class, a representative string

Ag is selected

b) the strings x, = { x5, | ane), Oe eee ZI}

are constructed

©) for each string x,, the strings 2, = { %,.5,5 [k= 22,04, P}

Which determine the equivalence class of the string Xr are

constructed.

qd) the classes of the strings Z, specify a vector C which

comers to one or more equivalence classes or next-states; if
the next-state is not uniquely defined, the algorithm prints a

message specifying the additional information required to remove

the ambiguities.

e) the class associated with a certain state is the class of

the string which forces the acceptor into that st:

Steps 1-6 are repeated for each patter class.

5.337, Preliminary performance estimation.

This step was introduced to give an indication about the

accuracy with which the inferred grammars describe the pattern

languages. ‘These results are extremely useful for revealing the

nature of the approximations, characterised by the confusion matrices

computed separately for < recognizer. The global performance of

the combined syntactic classifier is determined later, in connection

with the classification technique developed in chapter 6.
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5.4 Description of the grammatical inference program (GRINF)

The nature of the grammar inference algorithm indicates

that an interactive program would be preferable, but the computing

facilities available did not pemmit a program of this size to be

executed interactively. Consequently, the program was written in

FORTRAN and run in batch processing mode on the CDC 7600 computer;

the organization of the program is outlined in the flowchart shown

in fig. 5.1 and the complete listing is given in [34].

5.4.1 Program input

~ the number of pattern classes (NCLASS)

- the training set of pattems (arrays IT and KST)

~ the set of syntactic elements used in cach class (array

PSP)

tails (KLIM)
- the maximm length of the

5.4.2 Program output

- transition matrices of finite-state acceptors for each

pattern class (arrays TRANSM)

~ preliminary performance estimation for each acceptor

(confusion matrices CONFM and global recognition performance PERF).

- additional information required to eliminate ambiguities.

D.4.3 Data _ bases

5.4.3.1 ables IT and KST: store originally the strings in the

‘raining set; during the execution of the program the strings selected

by the designer are added.

5.4.3.2 Table TSP: stores the strings in Boe generated at the

beginning of the program.
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trans. matrix

NASR. TRANS) AZ

gener Br

4 evaluate
“(SR. KTAIL) performance 3

vars
4

YES ao ,

4, read PSP

\ cards

more

classes ?

Program SYNREC

Fig. 51 Flowchart of program GRINF
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5.4.3.3 Table INFT: is the main table used for discovering the

equivalence classes.

5.4.3.4 Table STT: stores the class-vectors C = ac, see oD

which define the equivalence classes.

5.4.3.4 Table TRANSM: is used to construct and finally stores

the transition matrix of the finite-state acceptor (columns

weg pr i |) and the class associated to each state (colum| > | OAH

5.4.4 The main program

The synthesis of a FSA from a training set is implemented

by the program GRINF according to the algorithm described in par. 5.3;

the structure of the program is outlined in the flowchart shown in

fig. 5:2.

Since most of the subroutines called in the main program

implement simple functions, the present paragraph is intended to

provide a brief reference list of the simplest subroutines and to

discuss in more detail the subroutines involved directly in the

synthesis of the FSAs.

524555. AFINF: is called at the beginning of the program to read

the set Ag, of strings and to store them in the tables IT, KST

and also in the first IAP = | £0 | entries of table INFT; the input

parameter KSTCR specified the last entry in table KST occupied by the

strings in the training set.

5.4.5.2 HASH: was described in par. 4.4.4.

5.4.5.3 ENTER: computes the hashing addres HALFA and the CLASS

of a STRING of length LS; if the string is not already in table INFT,
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T=}

g
#

Store I in |
finer at IR}

aamnsenmncetconstruct

om

Store CODE in

i

STT at entry

CNST+!

construct i
CODE= C,C>...CN}

(@) Subroutine SUC G)

Fig.5.2 Determination of the equivalence classes
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writes the two items in this table at entry CRINFT.

5.4.5.4 CONCAT: concatenates a SUFFIX of length LRS to a STRING

of length LLS; if the length is of the corbined string exceeds a

maximm M, prints a warning message.

5.4.5.5 REC: computes the CLASS of a STRING of length LS using

a FSA with transition matrix TRANSM.

5.4.5.6 KIAIL: extracts all strings of length KLT or less in

the pattern class currently processed and stores them in the table

‘TSP.

5.4.5.7 STATE: computes the equivalence class (classes) defined hy

a class~vector CODE associated to a string x; output paramter is an

array NST which stores a mrber NEXT of equivalence classes found

(see flowchart in fic. 5.2.b)

5.4.5.8 SUC: performs the operations required to process the entry

IR in the table INFT (see flowchart in fig. 5.2a)

~ xeads the string x specified hy its hashing address.

~ constructs and writes the strings cae in the table INFT at

the next free entry, NRINFT

~ computes the equivalence class to which the string x belongs

and writes it in the table DET.

5.4.5.9 TRANS: conputes the transition matrix of the FSA whose

States represent the equivalence classes detenmined in the main

program; in the flow chart which illustrates the operation of the

Subroutine, shown in fig. 5.3, the syntactic elements are denoted

by Sy and the r-tails of syntactic elements are denoted ky S,.

Basically, the subroutine performs the computations corresponding to the

relations (5.6) and (5.7); the main input and output parameters are
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transmitted via common blocks.

5.4.5.10 SELECT: generates the final set Ae by selecting for each

equivalence class the shortest representative string and all the

prefixes of these strings; finally, stores the set Ag in the table

INET.

Deo Conclusions

Finally, it must be recalled that the grammars represented

by the FSAs constricted in this program are approximate solutions.

In terms of set theory, the situation can be illustrated as in fig.

5.4. In this example, there are 4 pattern classes whose clusters

in a "syntactic space" are denoted by Ry i Ky. The grammars

inferred define languages which can also be represented as clusters

of strings, denoted i, - Ly. In general these clusters do not

coincide and sometimes are simply incorrect, as in the case of Lg,

which overlaps Kk.

The preliminary performance estimation of the recognizers

constructed, which is carried out at the end of the program, can

provide a better understanding of the syntactic structure of the

patterns. If necessary, the designer can add strings to the

training set, thus reducing the ambiguities which contribute to a

poor performance. A method which can improve the performance of

the recognizers, by “accept: strings outside the clusters, is

discussed in the next chapter.
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6. CLASSIFICATION OF SYNTACTICALLY IMPERFECT PATTERNS

The grammatical inference method described in the preceding

chapter provides only an approximate solution and therefore the

performance of a syntactic classifier based directly on the FSAs

constructed using this procedure is restricted. Preliminary

experiments with real data have confirmed that the number of pattems

rejected because of their imperfect structure is unacceptably high.

It was therefore decided to investigate the possibility of

incorporating in the classifier additional capabilities, to enable

it to cope better with distorted patterns.

The literature survey presented in chapter 3 reviewed a

few techniques which h: been suggested recently for improving the

performance of syntactic pattern r mition systems dealing with real

life patterns; the concept of error operators, defined in para 3.3,

emerged as most promising for the classification of defects in real

time. However, the method proposed in the literature for applying

this principle to pattern classification problems [is] proved during

this complexity. A sinpleway to use this technique is described hy

R.A. Wagner {25 ] in connection with compiler error recovery problems

and is based on the concent of edit distances between strings.

The basic contribution made in this chapter is to generalize

the concept of edit distances to recursive grammars and to incorporate

the formalism introduced in chapter 4 for the description of two-

dimensional patterns.
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The method can be introduced best by assuming initially

that the inferred grammar (G3) generates a subset of the

unidentified language (L), L(G) GL. This is often the case,

since regular languages are properly contained in all other classes

of languages and the grammar inference process can be continued

until an acceptable accuracy is obtained. Ina strictly formal

sense, the situation can be considered as if the inferred grammar

defined a set of perfect strings (patterns) , L(G;) , and some of

the strings in L - L(G; ) were obtained from perfect strings in

L(G,) corrupted by error operators of the type defined in para. 3.3.

Intuitively, this approach is based on the fact that the error

corrupted strings maintain a certain resemblance to the strings in

L(G;), which on the other hand are approximations for the

unidentified language L.

The problem is to find which strings in ¥{* can be

considered as resulting from strings in L(G;) corrupted by error

Operators and also to determine if, by accepting these strings,

the language L(G,) is not extended far beyond the language L.

These considerations can be expressed formally and quantitatively by

introducing the term of "sdit distance".

6.1 The concept of ecit distance

The present paracraph introduces the idea of applying the

concept of syntactic distance for the classification of imperfect

patterns, as it emerged during the present study, from an initial

attempt to employ directly the error operators technique._
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Tet R, denote a regular expression which defines a set of

(error-free) strings. Each string in L(R,) can be viewed as a

point in a linguistic space; all strings in L(R,) form a cluster

in this space.

By applying the error operators, one can derive the regular

expression which defines strings corrupted by one error:

RL= CR) + PIR) + JiR) (6.1)

The sets R and Rj are not necessarily disjoint, because

some error operators can transform a string in R, into another string

in Ry the regular expression which defines only irperfect strings is

Re = RNR, (6.2)

In a similar manner, one can define the sez of Strings.

t

R= (+ BIR) + JR) (6.3)

As before, the regular expression which defines only the

set of strings corrupted by two errors can be written as

Re = MN RU R) (6.4)

This process can be continued for multiple error operators;

the resulting sets of strings can be represented as clusters as shown

in fig. 6.1. Using the techniques defined in para 3.3, it is possible

to construct a grarmar che lancuace

L = LR) ULE, JULIR)U -..-UL(R,) (6.5)

The first attempt to apply this technique to the present

problem revealed certain difficulties:

a) the grammar of the language L tends to become complicated

b) if the language L(R,) was a proper subset of the approximated

language L,, the language L could also include a number of strings
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which do not belong to the language La? the overall recognition

performance would then be degraded (fig. 6.2).

c) the situation becomes worse if the language L includes

strings belonging to another pattern class, described hy language

Lg:

These difficulties were finally overcome simply by renouncing

the idea of constructing explicitly the new language and using instead

the concept of edit operations, which are more simple to compute. For

each string in LR) , there exists one correction which will

transform that string into a string in LR i.)7 this correction is

called an edit operation and is the reverse of an error operator:

a) an insertion corrects a deletion

b) a deletion corrects an insertion

c) a substitution corrects another substitution

A number K of successive edit Operations is necessary in

order to transform strings in L(R,, at into error-free strings.

This concept was introduced in [bs] to define the distance

from a string to a language as the minimum number of edit operations

(abreviated MNEO) necessary to transform the string into a legal

string of that language; the distance is O for error-free strings.

A simple exarple w: .llustrate the application of the

MNEO concept to the classification of error-corrupted strings.

Consider for the beginning two regular expressions, Ry and Rar which

define the languages Ly and La of error-free strings, both over the

same set Vip of terminal syrbols. Let x be an error-corrupted string:

~xEV,*, |x] =2; XG, and x¢L,



112

Assume that one can find two integers m and n such that

xXEL(R) and x€L(R,.)

m<€n¢l

The MEO distances from the string x to the languages Ly

and Ly, respectively, are

atx, Ly)

d(x, L,)

If the string must be classified in one of the classes A

u m

i n

or B, it will be considered in class A, because m<n. The solution

is ambiguous when m = n and the decision must be taken on the basis of

the frequencies with which the strings occur.

In practice the problem can be more complicated, because

the grammars which are inferred are usually approxi=ste solutions:

the type of situation «hich can ore te. difficulties is illustrated

graphically in fig. 6.3. The languages Iy and Lg are approximated

by the languages L(G) and L(G) » Yespectively. It may happen that

for certain strings the following"worst-cast situation" occurs:

x Ely, but

d(x, L(G,)) < d(x, L(G,))

and therefore the string x will be assigned incorrectly to class A.

The number of misclassifications can be reduced by introducing

weighted distances (wes, and Wpd,) , @ common procedure in

statistical pattem recocnition.

The application of the MNEO concept improves, in most cases

significantly, the recognition performance of a FSA; its applicability

depends on the existence of an efficient algorithm for computing this

distance. ‘The algorithm used in the thesis is an adaptation and
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extension of an algorithm proposed in [35] for correcting errors

in programming languages; the oricinal formulation of this algorithm

is presented briefly in the next paragraph.

6.2 Algorithm for the Computation of MNEO

Finite state automata have two special properties which can

be used to develop efficient algorithms for camputing the MNEO fran

corrupted strings to regular lancuaces:

1) the current state contains all the information a FSA

retains about the input strings.

2) the FSA can ke in only a finite number of states, regardless

of the length of the input string.

These two properties permit the computation of a "correction

table" which depends only on the regular language and, once computed,

can be used to calculate the MNEO for all pos:

The algorithm for the computation of MNEO is based on a

recursive function which is updated for each new symbol of the input

string, using the correction table.

6.2.1 Computation of MNEO

Consider a FSA = (Q, 3, 16 + Go, A) and a string xed *.

Let x ¢ j> denote the j th symbol of string x and F(j,S) equal the

MNEO needed to change the first j symbols of x into some string y

which will force fSA into state S.

It has been shown [35] that F(j, S) can be computed

recursively with the formula:

F(j,S) =min { F(j-1,T) +V (BS,6<5>)} ij f

E

O if S=

F(O,S) = otherwise (6.6)
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where: V(T,S,¢) is equal to the MNEO which will change the

single syrbol c into a string w(T,S) which will cause a transition

from T to S

ce 2 Ud Fe dian

Finally, for the camplete string x,

MNEO = min F( |x|. s)
(6.7)

SEA

The table V(T,S,c) depends only on the regular language

accepted by FSA; it is computed once, stored and used for all

possible input strings.

O.2e2 Computation of V(T,S,c)

It has been found that the table V(T,S,c) can be

conveniently expressed as a function of:

1) P(T,S) - the length of the shortest path from state T to

state S

2) L(T,S,c)= [ 1 if symbol c appears in one of the shortest

paths from state T to S

O otherwise

The matrix V(T,S,c) can be computed as follows:

1 SE Pr ,S) = 0

V(T,S,c) = (6.8)

P(T,S) — L(T,S,c) otherwise

6.2.3 Computation of P(T,S)

Let pX (T,S) denote the length of the shortest path from

state T to state S, passing only through states numbered 1, 2, ..., k.

P(T,S) is computed recursively as following:
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1 if there is an arc connecting directly T to S

P°(T,s) = (6.9)

O otherwise

PC + 100s) = min { PXinjsy; pMr,k +1) + PK ck + 1,8) } (6.10)

P(T,S) = P*(t,S) where t = [2 | (6.11)

6.2.4 Computation of L(T,S,c)

L(T,S,c) is also computed recursively:

1 if symbol c is accepted by some arc along path

PX (r,s)

uK(t,s,c) = (6.12)
O otherwise

iXerjx +1, wit +1, 8, 0c) 4EC>D+E

ul (p,s,c)=|0* (,k +21, ove +1, s, eyvtX(t,s,c) 1 C=D+E (6.13)

os (T,S,c) otherwise

where: c = P&(r,s), p = PK¢r,k+1), B = PX(k + 1,8) and V is

defined as follows:

aVb=Oif a=b =0; a Vb = 1 otherwise

Finally:

L(t,S,c) = L(t,S,c) where t = Jo| (6.14)

6.2.5 Tine and space complexity of the algorithm

Relations (6.6) and (6.7) show that the time and space

complexity of the MNEO alcorithm are characterised as follows:

Tw [x] -[o]? (6.15)

S ~ |Z] -J2]*+ 1 o| (6.16)

where: : ‘
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|@] - the nutber of states

De | - the number of input symbols

| x| - the length of the input string

Relations (6.15) and (6.16) reveal that the improved

recognition performance is obtained at the expense of a considerable

increase in complexity, compared to the simple FSA recognizer, for

which (see par. 2.1.4)

T ~ [| (6.17)

s ~ |Z]. | 9| (6.18)

Nevertheless, it will be shown in chapter 9 that the

hardware implementation of the MNEO classifier satisfies the

requirements of the present problem.

The algorithm described can be applied to both

deterministic and nondeterministic FSAs, therefore all solutions

provided by the grammar inference algorithm are acceptable

candidates for the MNEO classifiers.

6.3 Generalized MNEO algorithm for the classification of

multi-class two-dimensional patterns

The application of the original MNEO algorithm to the

classification of multi-class two-dimensional patterns required the

following extensions to be incorporated in the algorithm employed

in the present study:

1) recursive productions, of the form A —»aA, which were

not considered in the original version, had to be included in the

correction tables. us <
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2) the algorithm had to be extended to enable the handling

of strings of syntactic elements, consisting of patter primitive/

composition descriptor pairs.

3) a method had to be developed for the classification of

patterns in multiple - classes, each class (language) described by

a separate grammar and having its own recognizer.

GaSe. Handling recursive productions

The first problem has been solved by taking into account

the fact that recursive productions in a regular grammar lead to

loops around the corresponding states of the FSA recognizer. If

the recursive production is A—»aA and the associated state of the

FSA is A, the symbol "a" will determine a cyclic transition from A

to A.

By applying the definitions of P(T,S), L(T,S,c) and

V(T,S,c) to this situation, the corresponding terms become

P (A,A) = O

L (A,A,a) = 1

V (A, Aya) = O

The last equality reveals that no edit operations are

required in this case, since the symbol "a" itself determines a

transition from state A to state A. Consequently, the generalized

form of relation (6.8) will become

iO if P{T,S) = O and L(T,S,c) i

V(T,S,c) = 1 if P(T,S) = 0 and L(T,S,c) =\ ° (6.19)

P(T,S) - L(T,S,c) otherwise
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6.3.2 Processing strings of syntactic elements

The second problem was solved, in principle, by

interpreting the syntactic elements as symbols, in the same manner

as for the grammatical inference algorithm: by assigning a separate

symbol to each distinct syntactic element, the MNEO algorithm

becomes directly applicable to the present problem. However,

additional factors have to be considered in the present case,

because this procedure implies simplifications which could reduce

the classification performance of the generalized algorithm.

To illustrate the nature of the problem, consider a

string x = Ay AzAz2 485, and assume a substitution-type error has

changed the syrbol a3 to b, so that a = ayasbayar. The MNEO

distance from x to x is 1, for any symbol b a3. While this

assumption is justified for strings of symbols, it can introduce

errors in the present case, because the pattern primitives and

composition descriptors are in fact second-level symbols, computed

from strings of O's and 1's (the trigger samples). Looking at

tables 2 and 3, it is evident that not all substitution errors

imply the same degree of distortion of the corresponding scan

sections. The problem is complicated even further by the fact that

the grammar inference algorithm produces approximate solutions,

therefore the transitions between the states of the inferred FSAs

have not been determined with absolute precision. This suggests

incorporation of probabilistic or fuzzy concepts in the structure

of the syntactic classifier. At this point is is important to

realize that these concepts can be incorporated directly into the

operation of the MNEO algorithm, by extending the domain of the
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elements V(T,S,c) from the set of integers to the set of real

numbers; this can be effectively implemented by peat an numbers

in the range from O to 1 to the binary elements L(T,S,c).

Potentially, this is a powerful generalization of the MNEO algorithm,

but has not been incorporated in the version used in this thesis,

which is based on the simplified assumption that syntactic elements

can be treated as simple symbols in strings.

6.3.3 Classification of multi-class patterns

The last question was concerned with the application of

the MNEO algorithm to the classification of multi-class pattems,

when each class has assigned its own recognizer. This problem has

been solved by computing separately the MNEO distance from the

pattern to be classified to each class (language). The distances

are updated for each syntactic element and after encountering the

last syntactic element, the defect is assigned to the class

(language) for which the MNEO distance is minimum, according to

rel. (6.7).

This procedure requires each syntactic element to be

interpreted and assigned an identifier according to the language

(class) currently considered, because the set of terminal syntactic

elements (identifiers) is defined for each language separately.

As a consequence, the same string of syntactic elements (pattern)

is represented as different strings of identifiers in the process

of computing the MNEG distances to different classes.

Patterns are rejected when they are equidistant to two

or more languages (classes) and also when they are too distorted.
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Experience has indicated that the classification becomes unreliable

when the MNEO distance from a pattern to a language exceeds a

certain ratio (ex. 1/3) of the length of the string representing

that pattern; jin these cases, the class of the defect is declared

unknown (reject).

6.4 Program SYNFEC for syntactic recognition of imperfect

patterns

The program SYNREC performs the syntactic classification

of patterns represented by strings of pattem primitives and

composition descriptors, according to the algorithm presented in

par. 6.2, using as recognizers the FSAs constructed by inference

from a training set of patterns.

The input to the program consists of:

1. the transition matrices of the FSAs (arrays TM)

2. the list of syntactic elements used in each pattern

language (arrays IDSP and NSPMAX) .

3. the representation of the patterns to be classified

as strings of syntactic elements (arrays IT and KST).

The output of the program describes the performance of

the syntactic pattern recognition system in terms of:

1. the global xecognition performance (PERF) -the ratio

between the number of patterns classified correctly (ICOR) and

the number of patterns classified (IREAD).

2. the confusion matrix (CONFM), which specifies the nature

of the misclassifications.
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6.4.1 Data bases

This section describes the functions of the new data

bases introduced in this program; data bases discussed

previously are not mentioned again.

6.4.1.1 VISC: three-dimensional arrays which store the correction

tables V(T,S,c) computed for each pattem language.

6.4.1.2 IDSP: a three-dimensional array which defines the syntactic

elements used in each language and the codes (identifiers) assigned

(fig. 6.4).

6.4.1.3 NSPMAX: a linear array which specifies the number of

syntactic elements used in the definition of each language.

6.4.1.4 STRING: a two-dimensional array which stores the

representation of the pattern currently classified as a string

of syntactic elements

6.4.1.5 DIST: a linear array which stores the MNEO distances

from the string (pattern) currently classified to each pattern

language.

6.4.1.6 LINSTR: a linear array which stores the strings of

identifiers resulted by applying the table look-up decoding

procedure to STRING.

6.4.2 The main procran

The organisation of the program SYNREC is represented

in the flow chart depicted in fig. 6.5, which outlines the main

functions of this program.

6.4.2.1 reads the definitions of the recognizers, as specified

by the transition matrices TTM.

6.4.2.2 computes the correction tables VISC associated to the

transition matrices, by calling the subroutine MINEDIT, discussed
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in the next section

6.4.2.3 reads from magnetic tape the representation of the

defects to be classified as strings of pattern primitive/

composition descriptor pairs and stores them in the tables IT

and KST

6.4.2.4 retrieves sequentially each string and Performs the

following operations:

(a) decodes each STRING by calling the subroutine IDSPEX,

discussed in the next section, which produces a string LINSTR, for

each defect class separately.

(b) computes the MNEO distances from the string LINSTR

to the corresponding defect language, for each class separately,

and stores the computed values in the array DIST.

(c) finds the minimum value in the array DIST and

assigns the string LINSTR and the corresponding pattern, to the

class which defined that minimm distance.

(a) updates the variables which characterise the global

recognition performance (ICOR, IREAD) and the confusion matrix

(CONE) .

6.4.2.5 finally, prints the results (PERF, CONFM).

6.4.3 Subroutines

6.4.3.1 Subroutine IDSPEX: performs the decoding operations which

are required in order to carry out the transformation from a string

of syntactic elements to a string of identifiers, as specified by

rel (4.9) and (4.10). Input parameters: arrays IDSP and NSPMAX,

the pattern primitive (SYM) /composition ener ee (PRED) pair and

the CLASS for which the decoding operation is required. Output

parameter is the computed identifier (IDENT).
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6.4.3.2 Subroutine MINEDIT: performs the computations required

to construct the table V(T,S,c) from the transition matrix TM,

as defined by rel. (6.8) to (6.15).

Input parameters: the transition matrix TM, the number

of states (NS) and the number of input symbols (identifiers, or

pattem primitive/composition descriptor pairs).

Output parameter: the correction table VISC associated to

the transition matrix TM.

Arrays PNEW, POLD, LNEW and LOLD are auxiliary tables

used to store intermediate results.

The computations involved are ordinary operations with

matrices, defined by the equations mentioned above.

6.4.3.3 Subroutine ACCEPT: computes the MNEO distance from a

string of identifiers, LINSTR, to a language described by its

correction table, VISC and the associated parameters.

Input parameters:

a) the matrix VISC, the number of states of the recognizer

(NS), the number of input symbois (MS), the number of final states

(NFST) and the list of final states (FIST).

b) the string of identifiers (STRING) and its length (LS)

Output parameter: the MNEO distance (MIN)

The subroutine performs the computations defined by eq

(6.6) and (6.7), which involve ordinary operations with matrices;

a flowchart of the subroutine ACCEPT is shown in fig. 6.6.

The complete program is listed in [34].
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Te ACQUISITION OF A DATA BASE

Fed Introduction

The previous chapters of the thesis have presented the

theoretical methods which have been developed in order to realize

a syntactic pattern recognition system for real-time defect

classification. Since the entire research has been directed to

meet the severe requirements of a specific application, it was

considered that the validity of the theoretical methods developed

in the thesis can be effectively evaluated only by determining the

performance of the system with data specific to that application.

Acquisition of a comprehensive data base is an essential

requirement, which occurs in all pattem recogniticn applications

related to automatic surface inspection which are being investigated

at the Instrument Systems Centre. Considering the complexity of

this problem and its general character, it was decided to dedicate

a significant part of the work reported in this thesis to the task

of building an automated data gathering system (or "test rig").

Basically, the test rig consists of a large table,

driven by a stepping motor in what would be the strip direction in an

on-line situation. The sheet of tinplate to be scanned is placed

on the table, above which is mounted the scanner. The scanner output

signal is digitized and stored in a minicomputer, where it is

fommatted and finally written on magnetic tape. The minicomputer

controls the whole operation. The operator is required merely to

place the sheet on the table and to introduce the sheet identifier

conversationally into the teletype.
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Since the operation of the test rig is not relevant to

the main results of the present study, a detailed presentation of

this topic has been deferred to the last sections of this chapter.

The experience gained during the design, construction and

exploitation of the test rig is valuable for the development of new

test rigs, currently undertaken at the Instrument Systems Centre.

The data base of tin-plate defects which has been

gathered using this test rig is described in the next section.

7.2 Description of the data base

The data base used to evaluate the performance of the

syntactic pattern recognition system was acquired by scanning a

number of 80 Im x Im tinplate sheets with defects, sorted by visual

inspection at BSC. The process of data gathering was completed,

using the automated test rig, in 2 days and resulted in a batch

of 8 magnetic tapes storing the SIRA data.

The defects have been identified and classified by visual

examination, in cooperation with SIRA and BSC, in the following

classes:

1) laminations: a whitish linear defect caused by lamination

in the steel base being shown up after tinning; a steel defect.

2) tin stripping: longitudinal scratch like defects caused

by build up on rolls in the E.T.L. line.

3) edge strains: a strain mark at the edge of the strip,

perpendicular to the rolling direction, of very low contrast.

4) five stand ring: a linear defect parallel to the edge of

the strip caused by a build up on the rolls.
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5) scratches: bright scratches along the rolling direction.

6) elles spots: oval shaped defects similar in
appearance to a finger print; caused by tin being deposited on a

grease which has come into contact with the steel base metal.

7) dirty surface: a defect giving a speckled appearance

over large areas of the strip surface

8) dents: physical damage

9) bruise marks.

Videoprints of typical defects for each class are shown

in Appendix I.

The distribution of defects over the classes represented in

the data base is given in table 8. Considering the variability of

the patterns within a class, the number of defects and classes,

it may be concluded that the data base reflects realistically the

nature of the problem investigated.

TABLE 8

me Defect class ae

aL: lamination 20

2 tin stripping 14

Z edge strains 20

4 five stand ring 18

5 scratches 36

6 oil/grease spots 32

sh dirty surface 6

8 dents 15

a bruise marks 8
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The magnetic tapes written at SIRA were processed at

ULCC on the CDC 7600 computer and videoprints were generated on

microfilm for subsequent comparison with the physical sheets in

order to locate and define the classes of the defects. During

this process, certain limitations of the scanner became evident:

Le the scanner is insensitive to low contrast defects which

extend over a large area in the transversal direction (for ex:

edge strains are not detected).

es nonflatness of the sheet manifests itself as a large defect

in the corresponding area; this is not an important shortcoming, :

since on-line the strip is stretched and nonflatness does not occur.

3s certain small defects are missed or appear only on the

off-specular videoprint.

Some of these problems have been overcome by using signal

processing techniques based on matched filters [3]- The videoprints

used throughout the thesis were obtained by applying this procedure.

However, it must be stressed that while the present

videoprints are satisfactory representations of the defects on the

surface of the sheets, the performance of the pattern recognition

system can be improved by enhancing the quality of defect

representation in several ways:

a) by considering the off-specular videoprints in combination

with the specular videoprints

b) by using the analog information, in addition, when

different types of defects produce identical patterns on the video -

prints (for ex: laminations and five stand rings)

c) by employing more sophisticated delineation methods.
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7.3 Functions and operation of the test rig

The remaining sections of the present chapter contain a

description of the test rig, concentrating on the contribution of

this author, which consists of the concept, design and implementation

of the computer interfaces (to the magnetic tape and the

electromechanical parts of the test rig) and the overall computer

control, including development of the programs in assembler

language. A complete description of the test rig is given in the

report by L. Norton-Wayne, V. Popovici and W.J. Hill [3e]-

The operation of the test rig is controlled by a PDP-11

minicomputer which forms a communication centre to which all the

other components of the system are connected (fig. 7.1). The human

operator inserts a few commands via a teletype terminal, which is

also used to display wamings of any error conditions, although

most of these are then corrected automatically by the computer,

without interruption to the data gathering process. The operator

is required merely to place the sheet of tinplate in a starting

position on the movable table and to introduce the sheet

identifier conversationally into the teletype. The computer controls

everything else required to complete the scan and record the data;

the complete PAL assembler program which has been developed is

given in Be].

In the initial phase, the operator switches on the test

rig, loads and starts the program. If a complete cycle of operations

is defined as the operations required to scan a sheet, one can

distinguish two phases within a complete cycle:
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Te3ek Phase no. 1 — operations performed by the operator (as

a response to messages generated by the program) :

a) Placing a new sheet on the table.

b) Providing the information required conversationally

via the teletype; usually the operator specifies only the sheet

identifier, but for debugging purposes, the following additional

options can be selected fram the teletype:

- the type of scans to be taken (specular, off-specular

or both, in that order)

~- whether single scans or automatic advances of the table
are required.

etait Phase ho. 2 - operations performed automatically

a) The stepping motor which moves the table is advanced

until the computer senses the "sheet present" signal produced by

the scanner.

b) At this stage the relay for selecting specular/of&

specular scans is switched to the appropriate position and, after

testing that the contact was made correctly, the operation of the

DMA unit is initialized.

c) ‘The DMA interface takes one scan and transfers a block

of digitized data to the computer memory, where the block of data

is reformatted and converted in CDC-7600 compatible form.

a) Finally, the sheet identifier, the number of samples,

the scan type and the reformatted block of data are written as

a constant length block (3000 bytes) on magnetic tape, thus

completing the subcycle of operations for one scan.
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Before a new scan is started a number of checks are carried

out by the program:

a) if an End of Tape signal is detected after writing the

data on tape:

- the tape is rewound to the end of the preceding block

of data

- an end of information mark is written on the tape

- a message is typed at the teletype indicating a new

tape to be loaded by the operator

- when resuming the operation, the last scan is taken

again as the first scan of the new tape.

b) if both types of scans are required (the normal case),

the off-specular scan is taken by switching the corresponding relay,

before advancing the stepping motor.

c) if single-scan operation has been specified, a message

indicating the end of operation is typed and the computer halts.

d) if automatic advance is required (the normal case), the

stepping motor is advanced with the specified increment and the

"sheet present" indicator is tested:

- if the beam is still on the sheet, a new cycle is started.

- if the beam is off the sheet, a reverse command is sent

to the stepping motor and the table is moved in the reverse direction

until the beam passes over the leading edge of the sheet; at this

stage a message is typed, requesting a new sheet to be positioned;

this is the end of the scanning process for one sheet. —
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Teed Error conditions

Three types of intermittent errors can occur in nommal

circumstances, without implying a hardware fault:

1. a parity error is detected after writing a block of data

on magnetic tape; in this case a message is typed, the tape is

rewound to the end of the preceding block and the block rewritten

(edited) automatically; frequent parity errors indicate that the

tape being used is bad or that the read/write heads must be cleaned.

2. the speed of data transfer from the ADC exceeds the speed

of the computer memory; in this case a message is typed and the :

scan automatically retaken, after sending a reset signal from the

DR 11 C interface to the DMA unit.

3. the mumber of samples transferred is too large and exceeds

the capacity of the reserved memory area; a message is typed and

the computer halts (clock frequency must be adjusted) .

ype Test Rig Control

This paragraph describes the technical solutions which

were developed for implementing the functions of the test rig

presented in the preceding paragraph. At the time when the work

reported in this chapter started, the data gathering system in

existence at SIRA Institute consisted of the scanner, the high-

speed A/D converter, the DMA interface and the PDP-11 minicamputer;

the scanning process was performed manually and the data was punched

on paper tape. The construction of the automated test rig required

the following major facilities to be added to the system:
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1) a tape unit for the output of data and the corresponding

interface to the computer

2) a table advanced by stepping motor for scanning the sheets

and the corresponding interface.

3) the minicamputer software required for controlling the

automatic operation of the system.

These problems are discussed briefly in the following

sections.

7.41 PDP-11 interface to the tape unit

Economic considerations dictated the purchase of a RACAL

T7000 tape transport, together with the corresponding RACAL data

formatting unit (DFU) [37], rather than a standard DEC-tape.. This

decision imposed the design and construction of a special interface

to the PDP-11 computer. A detailed analysis of the speed requirements

indicated that a DR-11C general purpose interface [3s] and a user-

designed board, containing a few integrated circuits, (flip-flops,

monostables and line drivers) provided an economical solution.

The interface was programmed in PAL for reading/writing 7 track,

556 bpi magnetic tapes, in an IEM compatible format.

A block diagram of the interface is showm in fig. 7.2.

The DR-11C interface provides the logic for program - controlled

parallel transfers of 16 bit data between the DR-11C_ and DFU,

which provides data encoding/decoding, deskewing and error

detection, together with the tape motion control.

The DR-11C is iritended to control simpler devices and

therefore its control and status register provides two control
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signals only, whereas the data paths (16 bits) are wider than the

number of bits which have to be transferred (6 bits). This was

exploited for assigning additional control and status signals to

the unused bits of the output/input lines respectively; it was

this unorthodox assignment of functions that made possible the

use of a simple DR-1IC interface for driving a complicated

peripheral.

7.4.1.1 Signals Assignment of DR-11C Output Buffer

The lower byte of this register is used for data output:

6 bits (00-05) are transmitted to the corresponding inputs of the

DFU via line drivers. Bit 06 is not used and bit 07 is normally

zero, except for the last byte of the block of data to be written

on tape, for which it is set to one. Thus bit O7 supplies the

LwW("last word") signal required by the DFU to generate the

interblock gap on tape.

Bits 08 - 13 are used to set the control levels for the

DFU and bits 14 - 15 are applied to the inputs of two monostables

in order to generate the reset pulse (INIT CLR) and the strobe pulse

(GO IN) for the DFU, via line drivers.

7.4.1.2 Signal Assignment of DR-11C Control and Status Register

(CSR)

The control sicnals CSRO and CSR are used to enable/

disable the DFU. The INT EN A and INT ENB bits are set under

program control to enable/disable the read and write interrupt

flip-flops A and B, respectively. The read/write strobe pulses

from the DFU (DOS/DIST) set the interrupt flip-flops A and B
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included on the user-designed board, thus generating the interrupt

requests REQ A and REQ B, respectively, if the corresponding enable

bits are set.

The interrupt service routines transfer the next byte

between the OUTPUT/INPUT buffers and memory; these transfers are

accompanied by the signals NDR ("new data ready")/DT ("data

transmitted"), respectively, which inform the device that the next

hyte can be transferred, and simultaneously reset the interrupt

flip-flops A and B. The right speed of data transfer is therefore

ensured by the DOS/DIST synchronizing signals, supplied by the Dru

at a frequency dictated by the programmed recording density, in this

case 556 bpi.

7.4.1.3 Signals As nent of DR-11C Input Buffer

Bits 00-05 are the data input lines from the DFU and

bits 06-15 carry status levels which are tested by the program as

necessary. All input lines are terminated by resistive networks.

7.4.1.4 Principle of Operation of the Interface

Before a new command is issued, the DFU is reset by sending

the INIT CLR pulse. The pattern of control bits required by the

new command is then set in the corresponding bits of the OUTPUT

buffer and strobed in by generating the GO IN pulse. This initiates

the transfer of data between the computer and the tape unit, which

is performed by the device service routines, called when the DFU

generates an interrupt request.

After the execution of the command is completed, the status

bits are checked for error conditions.
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The operation of the automated test rig required the

development of subroutines for implementing the following cammands

by the tape unit:

a) write a block of data

b) read a block of data

c) read reverse a block of data

a) edit a block of data

e) write an end of information mark.

‘The corresponding subroutines have been included in [36].

T4028 PDP-11 interfaces to the test rig :

The extremely wide range of the information transfer

rate between the minicomputer and the test rig could be econamically

accommodated using two interfaces:

1. a DR-11B general purpose direct memory access interface,

which has been implemented by the SIRA Institute to transfer data

(analog samples and trigger bits) from the scanner to the memory

at a high rate.

2. a DR-lLIC interface which controls the slow electromechanical

parts of the test rig, designed and implemented as part of the work

reported in this thesis.

A block diacram of this DR11-C interface is shown in fig.

7.3; the control signals are supplied from the OUTPUT buffer, the

status bits are connected to the INPUT buffer. (the CSR is not used).

The interface performs the following functions:

7.4.2.1 Driving the stepping motor

The stepping motor requires two signals to be supplied

by the interface: a logical level for specifying the sense of
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rotation (direct/inverse) and a train of pulses, the number of which

determines the angle of rotation. In order to keep a complete,

flexible control over the rotation speed of the motor, the width

(and repetition period) of the pulses are selected by progranming

means rather than by monostables.

The sense of rotation is controlled by bit Ol of the

OUTPUT buffer, which is set to 1 for direct rotation and cleared

to O for reverse direction. The pulses are generated by switching

bit ©0O of the OUTPUT buffer from O to 1 and 1 to O; the state of

this bit is maintained as long as desired by cycling an appropriate

number of times through a croup of instructions. For example, 183

cycles were required to give a pulse width of 1.5 msec anda

repetition period of 3.0 msec, which ensured a reliable operation

of the stepping motor (these values were derived from the execution

times of the instructions belonging to the repeatedly executed

group). The instructions providing one pulse and a period with

a duty-factor of 0.5 were organized in the subroutine STEP which

has only one parameter - the nunber of cycles required to give

the selected pulse width (see Be} 3s

The number of pulses which determine the rotation angle

is given by an outer loos, the counter of which is updated in the

main program which calls repeatedly the subroutine STEP. In the

present case, the length of the laser beam was 5mm; with the

existing gear ratio, the linear increment of 5 mm required to cover

completely the scanned sheet was cbtained using a number of 185 cycles.
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7.4.2.2 Driving the relay for selecting specular/off-specular scans

This relay is driven by a high-voltage open-collector TTL

integrated circuit, connected to bit 15 of the OUIPUT buffer, which

switches simultaneously 3 pairs of contacts:

- the first pair selects between specular/off-specular analog

samples.

~ the second pair selects between specular/off-specular

trigger bits

- the last pair is used to sense the status of the relay,

for detecting malfunctions and is connected to bit 07 of the INPUT

buffer; the actual test instruction is executed after a waiting

loop, which had to be introduced in the program to take into account

the relatively long s 1g time of the relay as compared to the

computer cycle.

7.4.2.3 Sensing the end of sheet

The electronics associated with the scanner supplies a

logical level which is low while the laser beam is off the sheet

and high while the laser beam is scanning the sheet. This signal

is connected to bit 15 of the pur buffer and tested in the section

of the main program which controls the table motion, as described

in par 7.1.

7.4.2.4 Generating a reset signal for the DMA unit

During the transfer of data fram the A/D converter, it

may happen that the data transfer rate exceeds the speed of the

computer memory. In this situation an error signal is generated by

the DMA interface and the operation halts; to restart it, a RESET

pulse must be supplied to the DMA interface. This function is

performed automatically by clearing and setting bit 03 of the OUTPUT

buffer.
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7.5 Formatting of data

A major fimction ofthe automated data gathering system

is to transfer the data acquired by the scanner to the computer

memory, carry out the necessary formatting and conversion

operations and write the resulting data on magnetic tape in a form

suitable for direct processing by the pattern recognition software

developed for the CDC 7600 computer. The main stages of the data

transfer and processing operations, the equipment and PDP-11

software involved are represented in the block diagram in fig. 7.1.

The information is transferred, processed and written on magnetic

tape in blocks of constant length, each block corresponding to a

complete scan.

The direct memory access (DMA) interface transfers the

data produced by the scanner and associated electronics to the

computer memory, where it is stored in the format represented in

fig. 7.4. The data is structured in groups, each group comprising

16 analog samples (8 bit integers, unsigned) followed by a 16 bit

word storing the corresponding trigger bits. The last group is

followed by two words representing the leading margin width and

the trailing margin width of the scan.

The first phase of data processing involves arranging

the information provided by the scanner and the operator in an

order suitable for the subsequent operations (fig. 7.5):

a) the sheet identifier is always in the form SHEET 1D, 4

ID, ID3 ID 4 where 1D, - ID, are 4 characters specified by

the operator.
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b) the information about the scan comprises the following

specifications: the leading margin width (LM), the trailing margin

width (TMV), the number of analog samples (NAS), and the scan

type (S = specular/O = off-specular) .

c) successive analog scans together with the associated

trigger bits, obtained by reformatting the words contained in the

groups from fig. 7.4, as shown in fig. 7.5; this format was chosen

in order to avoid writing null characters on magnetic tape, in

even parity.

Before writing the data block on magnetic tape, a code

conversion is necessary from the original code to the IBM external

BCD code, which must appear on the magnetic tape in order to obtain

the original code in the CDC 7600 core memory. The conversion is

implemented simply using a tale look-up procedure for each byte in

the data block.

The blocks of data written on tape are of fixed length

(3000 characters); if the number of bytes generated by the scanner

is smaller, the remainder of the block is filled in with blanks.

The length of the block was chosen to be an integer

tultiple of 10, because 10 6-bit characters are packed in the 60

bit CDC 7600 word. ‘Thus she first word in the CDC 7600 core

memory will contain the sheet identifier, the second word the

scan descriptor and the following words the analog samples and

trigger bits (fig. 7.6).



147

S|H]E}] E] T] V9 {IDID2TD3ID4

NAS | NAS
LMW] TMW | ways L/S S/O

succesive

addresses

JAS#TB), (AS*TB), WAS*TB), (AST B),JASHT B),

AStTB|AStTB | AS+TB] AS+TBIAS+TB

Structure of data block in CDC 7500 core memory

OO b, --b,0 |00b,--£ Joab, - -b,0|00b, - -b,0]00b, - -b,0

CDC 7600 data word (5x12 bit fields}

Fig.7.6 Data in CDC 7600 computer



148

8. COMPUTER SIMULATION OF THE SYNTACTIC PATTERN RECOGNITION

SYSTEM

The object of this chapter is to present the results of the

simulation experiments which have been performed to evaluate the per-

formance of the syntactic pattern recognition system developed in

the first part of this thesis, using the data base described in the

previous chapter. The simulation program is based on the software

packages written for the individual blocks of the syntactic pattern

recognition system which have already been presented. ‘These pro-

grams have been executed sequentially, in a batch processing mode,

the designer having to examine the intermediate results and to

provide the required information, so that the overall design process

has an interactive character.

The areas in which the designer's interven

are the following:

1) specification of the class of each defect, after delineating

and locating its position using the program CLUMPL; this information

is introduced as data on cards;

2) evaluation of the separation capabilities of the selected

pattern primitives and composition descriptors, by examining the

results of the LENAL program; if the separation is not satisfactory,

the syntactic elements are redefined and the design process has to

be restarted;

3) specification of additional information required by the

GRINF program, if the accuracy of the grammars inferred using only

the training set is not satisfactory.
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8.1 Syntactic representation of the defects

The procedure developed for extracting the syntactic repre-

sentation of the defects from the information transmitted by the

delineation system requires the following parameters to be specified:

1) the dimensions of the capture rectangle

2) the definitions of the pattern primitives and composition

descriptors.

8.1.1 Selection of the capture rectangle dimensions

The dimensions of the capture rectangle have been decided

by taking into account the following factors:

1) the scales in the two directions are different: Ky, the

dimension in the transversal direction, is expressed in number of

trigger samples and the unit corresponds to about 1 mm (1000 trigger

samples for 1000 mn); xy the dimension in the longitudinal direc-

tion, is expressed in number of scans and the unit corresponds to

about 5 mm (the beam length is 5 mm);

2) by selecting the capture rectangle dimensions too small,

the clumping process becanes inefficient, because same sections

belonging to a certain defect will be assigned incorrectly to a

new defect;

3) by selecting the capture rectangle dimensions too large,

the opposite situation may occur: defects which are physically

istinct, sometimes even in different classes, could be combined

and assigned the same number and class.

Different defect classes impose different requirements on

the capture rectangle dimensions. Oil spots/grease marks, tin
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stripping, dents and bruise marks are in general "compact" defects,

with no gaps on the videoprint and would be delineated correctly

by using a small capture rectangle. Scratches, laminations ‘and

five stand rings present relatively large gaps which can be bridged

only by using a large capture rectangle. Since at the present

stage a fixed capture rectangle technique is being employed, a com

promise had to be found on an empirical basis; finally the solution

k, = a = 15 was adopted. ‘he results are satisfactory, but certain

incorrect delineations could not be avoided and refined clumping

techniques are currently being investigated to overcome this problem.

8.1.2 Selection of the syntactic elements

The syntactic elements which have been introduced in ch. 4

were defined after a careful examination of the structure and geo-

metrical properties of the defects, which revealed the existence of

certain features that could be exploited to enhance the separation

capabilities of the syntactic elements:

1) the length of the scan sections varies from class to class

as follows: tin strippings and scratches consist of short scan

sections (less than 6 trigger samples); the length of the scan

sections is average for oil spots/grease marks (7-18 trigger samples) ;

five stand rings and laminations consist in general of longer scan

sections (more than 18 tricger samples);

2) most defects contain only one segment in a scan section,

whereas the dirty surface defects consist of more than 3 segments in

each scan section;

3) oil spots and tin strippings consist of scan sections which
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are more closely connected (in successive scans) than in the defects

belonging to the other classes;

4) scratches, laminations, five stand rings and dirty surface

defects are in general mich longer (extend over 15 successive scans

or more) than the other defects.

An analysis of the structure and shape of laminations and

five stand rings indicated that the information contained in the

specular videoprint is not sufficient to discriminate between these

two classes of defects which were therefore combined in a single

class. Although many scratches are also inseparable from laminations

or five stand rings, these two classes were not conbined because

they overlap only partially.

A complete list of the syntactic representations of the

defects which have been used in the simulation experiment is shown

in table 9.

A new class of defects (class 1), arbitrarily named "dots",

has been introduced because they occur very frequently on the video-

prints; most of these dots were initially not assigned to any of the

other classes, but a few "dots" appear both as oil spots and as

dents .

It is important to notice that the same string can be encoun-

tered many times, although the defects it describes are not neces~

sarily identical so far as their geometrical properties are concerned.

This situation is due to the fact that the syntactic elements charac-

terise intervals in which certain geometrical features are included,

rather than their absolute value. In general, this situation is



Table 9 Syntactic representation of the defects used in the simulation experiment.

CLASS NUMBFR 1 > pnts

SAAR RD ERR IR ERED REPRE ERED

LENGTHS 1 NR REP= 39 HALFA= 23

nee

CLASS NUMBER 2 = OIL spots

TOSS ISSIEE OE IIUUO ODOUR aE

1) LENGTH 2 NR REPS 1 HALFAs 5B

2) LENGTHS 4 NR REPS 3} HALFas 77

3112

2112

3) LENGTHS 2 NR REP= 6 HALFAs 89

44

26

4) LENGTH= 3 NR REPS 1 HALFA= 93

233

246

5) LENGTHS 4@ NR REPS 1 HALFAs 101

2222

2656

6) LENGTHS 3 NR REPS 1 HALFAS 115

532

266

7) LENGTHS 4 NP REPS 1 HALFA= 130

3332 ‘

2665

8) LENGTHS 3 NR REPS 2 HALFAS 135

444

266 ,

9) LENGTH= 5 {NR REP= 1 HALFAS 157

31343

21265

19) LENGTHS 4 NR REP= 1 HALFA= 159

3443

2565

11) LENGTH

3443

2466

12) LENGTHS It NR REPS 1 HALFA= 169

S211idi1112

26ititiiit2

4 NR REPS 1 HALFA= 166

7st



Table 9 continued.

CLASS NUMBER 3 = TIN STRIPP

RRR REAR EER H RE REE EAS AHR RA RAL AEE RE REAR ARR ER ERR ERE

1) LENGTH= 3 NR REPS 13 HALFAS 75

222

266

?) LENGTHS 4 NR REPS 1 HALFAS Itt
3222

2666

CLASS NUMBER 4 = DENTS
SEGIDOIIOIUOISIO TIO IOUS HIG UISIGOSIOI IOI IOI II

LENGTHS 1 NR REP= 4 HALFAs 33

LENGTHS 2 NR REPS { MALFAs 56

3) LENGTHS 2 NR REPS 1 HALFAs 59

4) LENGTHS 2 NR REP= 1 HALFas 78

25

5) LENGTHS 4 NR REPS 1 HALFA= 182

2133

2126

6) LENGTH 4 NR REPS 1 HALFA= 121

3413

2512

7) LENGTHS 5 NR REPS 1 HALFAS 164

44412

24412

8) LENGTHS 4 NR REPS J HALFA= 189

a4ga

2566

9) LENGTHS 13 NR REPS 1 HALFA= 239

Q1i1idiiisi4dd

2iibitiii2123

10) LENGTHS 123 NR REPS 1 HALFAS 255

21rhiidaad

2111112456

11) LENGTHS 14 NR REP> 1 HALFA= 699
41466676444444

21255555445544

12) LENGTHS 34 NR REP= 1 HALFA= 773

4ULLIDLDLLL4oaasasoaariggaiisgiisre

SLLLELDALIL25SS4464560 sisi siiisi2

€ST
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13) LENGTH 4 NR REP=

4443

2665

14) LENGTH? 9 NR REPS

S4it1ts13

251111112

15) LENGTHS 8 NR REPS

44aiii212

26111212

16) LENGTH® 5 NR REPS

32533

24363

17) LENGTH= 5 NR REPS

44332

26664

18) LENGTHS 5 NR REPS

44432

26664

19) LENGTH? 5 NR REPS
34434

25465

20) LENGTHS 14 NR REPS

S2usttititiisd

25itit1titiii2

24) LENGTH= 45. NR REPS

SH Lad1tst112

26111 LLA Lat tse

22) LENGTHS 11 NR REP=

22111131443

21111121265

23) LENGTH® 15 NR REPS

Q11Librs1111544

Qubdatit1it11266

24) LENGTHS 15 NR REPS

S3L111111131533

26111111121266

25) LENGTHS 14 NR REPS

4433111111443

26612111111265'

26) LENGTH 21_ NR REP=

QLLLSL2tiAiprpititada

QULL2L2s1 411141111266

27) LENGTHS 16 , NP REP=

S4a3iiisi1ti11443

2566111111111265

28) LENGTHS 16 NR REPS

443111 1111115463

266111 LLL 12456

29) LENGTHS 15 NR REPS

221122315133556

221122212126656

34) LENGTHS 44 NR REO=

QULALLA252651 E31 011035101

QULPLVL26544112ta11123191

1

1

qitt

1

HALFAS 172

HALFAS 175

HALFAS 177

HALFAs 179

HALFAS 185

HALFAS 195

HALFA= 283

HALFAs 224

HALFAs 223

HALFA= 245

HALFA= 286

HALFAS 324

HALFA= 357

HALFAS 376

HALFA= 382

HALFAS 481

HALFas 462

HALFA= 928

Sridiptpisisaaaa

(L2a12191111125666

ST
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CLASS NUMBER 5 =~ BRUISES

FOSTORIA ERIE

1) LENGTHS 2 NR REPS 4 HALFA= 57

32

24

2) LENGTHS 3 NR REPS 1 HOLFAS 135

333

266

3) LENGTHS 13 NR REP= 1 HALFA= 219
2Qrrsatas11126

2iibitisiti2d

4) LENGTHS 6 NR REPS 1 HALFAS 273
44ddad

266666

5) LENGTHS 7 NR REPS 1 WALFAs 317

3444643

2566663

6). LENGTHS 76 NR REPS 1 HALFAw® 319

PAPC UUPOUCPIUURIELICS SOOUreP SI OSS SU RSEEURCIUCSSOSESEIOSECZOFISSOCOSSUCREIESS

SULADILTALALAPAPLSL2G4GS NL S2L2LALAAPAAPPTLAPPLSgLgssarredaroarsssrgsrssc2aty2
7) LENGTHS 22 NR REPS 1 HALFAw 498

QULL231 16334431 1s dis12
21112211266465i1111112

8) LENGTHS 22 NR REPS 1} HALFAs 553

2211344636111 311113113

261125655411 12iiitaise2

CLASS NUMBER 6 = SCRATCHES
JEOIDUIO OBSESSIONS UOUIIS ISCO IIIUOODIS IIE

1) LENGTHS 76 NR REP> Jf HALFAs 31
FACUUEUUSSEOUE SOUR DTS OOD SERUSSCSUCEDUDODULAIZECDECIEAE CE SSUUCSESSE SERRE TI22
QSUALLAAASLALAAADLADSGEAALLDTDA LOLA ATTA PAA SP2PAL NSLS A ALTA ALAA 2881 1 12666

2) LENGTHS 12 NR REPS 1 HALFAs 196

221112111122

261112111126

3) LENGTHS 12 NR REPS 1 HALFA= 225
211122222112

211126565112

4) LENGTHS 14 NR REPS 1 HALFAS 231

21111111221222

2111111251265

5) LENGTH= {4 NR REP= J HALFAS 234
Qu11111 2201383

2111112611212

6) LENGTHS 15. NR REPS 1 HALFA= 242

2yit2i23i2iiij2

Q2i1121221214112

7) LENGTHS 13° NR REP= 1 HALFA= 244

2121121222212

SST
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2121121266512

8) LENGTHS 14 NR REPS 1 HALFas 2723

21122122122212

21126126125612

9) LENGTHS 18 NR REP= 1 HALFA= 292

Q121221t111s121123

2rai2siiiiipi2it24

18) LENGTHS 15 NR REP= 1 HALFA= 296

223111222211212

25411126661 1212

11) LENGTHS 72 NR REP= 1 HALFA= 332

SQUALL ALLL31 412122512201 42231 2222525221211 1SStLI2USLULUSt112011112122

QSALLLLE1142111212221 265424221 2222224031 121112311 2U2LILL2ULA 2s i1112126

12) LENGTH {9 NR _REP= 1 HALFA= 341

2121121242111222213

2121121212111256612

13) LENGTHS 23 NR REPS 1 HALFAs 352

Q1112121it12g {13112122

Qritas2iiis2itiesii2i22

14) LENGTH= 22 NR REP= 1 HALFA= 353

QUAL tddi12412123227

2r2d12ita1412t12124565

15) LENGTHS 23. NR REPS 1 HALFAS 379

211111112s124 {212122222

2111it11211211212126550

16) LENGTHS 16 NR REPS 1 HALFAs 437

311111113431333312

211111112551266612

17) LENGTHE 29. NR REP= 1 HALFAz 408

211EL11Adtatatatiiarieers2ii2

21LELLLA AL L12¢20112atr22ti2it2

18) LENGTHS 22 NR REP= 1 HALFA= 410

2112122111122222212122

2112126111 122666612124

19) LENGTHS 29. NR REP= 1 HALF AS 415

QULU202KLU LLL p Lisi isair111222

QUUT212ULAAsaAtt2rs111111266

20) LENGTHS 28. NR REP> 1 HALFA= 422

211222214111 3fL11111 2001128

Qvp2e22ui01t2eyir11121411212

21) LENGTHS 24 ‘NR REPS 1 HALFA= 432
221211121112111222221222

251211121112111256561265

22) LENGTHS 32 =NR REP= J HALFAS 472

SLULASitit2r2v2gisasasat2p2122

QULLLOLLLLQ65L20 Lt itLtit212126

23) LENGTHS 34 NR REPS 1 HALFA= 496

Pe SECSUSROSISROSUUTARCISSERS SESS ET

Q5LL2UL PPV 2taadAdtessagiaateaisi12

24) LENGTH? 34 NR REPS 1 HALFas 512

SL22U2 121010 idt2eirsidti2irs22112

212201 L2Lib tat bbarsasiis12is256112

25) LENGTHS 34 NR REPS 1 HALFAS 541

2LLLILLIAND 220111 P2201 1521112213

2UL0012112111261191126111261112612

26) LENGTHE 35 NR REPS 4 HALFas 568

2L11L1122222,121 1222111111111 221122

QVLDLALL2556611 201266111 511111241126

9ST



Dasa tbebetetetielit¢iticccieerepeotiterie

VALPQL2222p22rrSrrssLp2220 22124 224112112
UALL22 2646121211220 1t2651 2612126112112

LENGTHS108 NR REPS 1 HALFA= 739

VALQULULULLQULNLASVTALP 42g rss 122;1pap22io2orsoeri122i22es is eALATISAV AAAs atts
$212121222265112211112112

SULLUALA2UAAATALLTL2L240 1112515121261 2656S44 ys LLI4L26LLIALLALLIZIL PALL ias12
12121256645112611812112

2 LESSTHS 48 NR REP= 1 WALFA= 771

SUULLLA2Ls 1222011 g112t112121211121222221231112

PLPLELQVUL266LE1L0 1111272 121212481121256661221112
14; LENGTHS 47. NR REPS 1 HALFAS 805

2UL222;1222;2; 122g sG6L Arp LAgsL1223eiriSitiiwire
PLA5S1L2261 21126101 2ULLt2rr 1264s ry r2asissi12

LENGTHS 63 NR REP= Jf HALFA= 831
SALIELQP22LC 1A LAs 2esrastsetasss citar petetay
QULELL2EQ2OLEALELAP QTL UL2asatasa tg tosonat

32) LENGTHS 54 NR REPS 1 HALFA= 837

231123, 222,12 1L LL LAL2L2123L2s;12sgsassSQsasiristtigss
241 L241 Q66LL2UL TAAL LASL2L22sQsis2easpisA5tssigssigsss2

32) LENGTH® 56 NR REP= 1 HALFAS 961

222211 AL 2NLALAALIS12521sriitr2212220sp22arraisis2asas
25O51NLL2UL2UL LL L2L246 1111112612661 11266112111 128111126

%31

11222111

11723111

rite

11412

it

ait

CLASS NUMBER 7 ~ LAM & VSR
SUC IOSIOII ICONS I OED ELAR OER R ERR

1) LENGTHE 36 NR REPS | HALF As 9
2211212222211 1112122222252555557723

261121266661 11112126666645665664542

2) LENGTHE174 NR REPS 1 WALFAs 25
332332223543522343234322242211111144 1 1234343333224343222234322322222222222222311
223623213122364444444443222322332222222222222222422332232222222222221 2 222322423
232312133333353

2644645645656 4545554445664561111112611244555666664555466645545456666E6 FE 6A666411
2644645121264566666656655564564646666666666645664464656 44666666666661 21206456454
54641212666666

3) LENGTHS 52 NR REPS 1 HALFAS 29

Q11S22,331 i111 212225322a1111211111122212411512212152

2112461261111121266465321111211111126612411212612126

4) LENGYH® 98 NR REPS 4 HALFAs 131
222231111411122222571112211121227211323111322644244465441 22221 1212321132113313335
AUUSLF dtd baays122

2656411111111236661211126111212646112641112664664466546 1 2666112124451 2511261 266)
ALL2a2 1d nt rtrrttad

5) LENGTHS173 NR REPS 1 HALFA= 150

24233222225535321211112121211111112212222222222272225522212144444676624d23392306

344333243333343244433332222221 42233232223243333232333222222322322222342222222233
2222222223203

2444556666464445121 111212124111 11126126666666666666665666121 2666666565 4644665454
555566545666666546656665666661246466455645455665 45 466566666456 45666045 4K6RSSOKGA
5566666664564

6) LENGTHSI76 NR REPS 1 HALFAS 156
22u1 11 i 122,319 000011011122223332112222222222222322121 1122112) 1323323233222212222
225555555552275566555556552226622333322222236 336642452 23333 333632255211 1111118

2122222115522343
2611LP 11261201 1111111111266646651 1266666666666646 41 21112611211 254664545K6251 2266

$556666566566446 4666656566566 465646664 4666644564554446 64666666 1246646611 11111112
6122666112666445

7) LENGTHS 7 NR REPS 1 HALFA= 161
2122222

2126566

8) LENGTHS 16. NR REP= 1{ HALFAz 252
S21t111122011112

LST



Table 9 continued

19) LENGTH? 19. NR REPS 1 HALFA= 289

QtibiL113212.121112
QrLiLdeL25t2i121112

11) LENGTHS 22. NP REP= 4 HALFas 314

Q11LiLigsit12i122222

211112 d1Ld1121126666

12) LENGTH= 17. NR REPS 1 WALFA= 315

34112211211231132

21112611281241125

13) LENGTHE 11 NR REPS 1 HALFA= 351
22223333333

26664666666

14) LENGTH=174 NR REPS 1 HALFAs 378

312344 12343233344432424433333232233324333134333223432642334343333222222223222220
32224222333333233322222332332222322322323222532232223253332333444332233222222222

22332321222222

2124561 246555466566554446556664445466445661 2566656455546 4465556666 55666 5664566666

45664456 46566654665 566646546566545645645 45666 45645664564665 4665665656 46566666666

66465461266666

15) LENGTHS 76 NR REPS 1 HALFA= 383
SAS31 343323333493 SILS3IS24G1 34111114131 43313446334434344431 9331334343344 32214

21261 256654566556661 2664461 24151112121 26612566565655556651 266 1 26555565655612

16) LENGTHS 24 NR REPS 1 HALFAS SHB

QULLLEATL ASAT LL LL122222

QtAL1 LL ELAs2n1it11126666
17) LENGTHS 20 NR RES2 1 HALFAR 789

211111332222211 12122

21111126566661112126

18) LENGTHS 13 NR REPS 1 HALFAs 426

2222256223332

2546644664666

19) LENGTH® 24. NR REPS 1 HALFA= 451

425233111 10t11itri22i112

2445461111 tp tsitd1261112

20) LENGTH#175 NR REPS 1 HALFA= 464

4333333323333233232332232223 1 443222223232322322433344333432323443243344333332223
343332414334333334463434322232232232221232223223222642532222321 221 22323222222232
322362223222422

2566656644 5664465454656 45656 1265566664545 456446 456656566555454565545656565665664

65566441 25555666656655555566 456456 4566124566456 446646454466645) 261 26454 566666645

456446664566446

21) LENGTH=148 NR REPS 1 HALFA= 473

SQL 1121 122212521 1122222421 22cL Lt i2aeri2ui2visiseree2aiiii2zeii222222isaayiiitss

LLQ2LPI2L[VISSASLALLLUL ALLL, 20sis ae strt11s222i 11222211 222212

QBALLIZUL2EGL2G4LLL266561 21 ZOLA LL2HGH ZZ LL 126665611 112561 1266666125611 11 11I
11261245 2GSASLILLAALVALTDALA LALLA LTA LLL 26611125661 1256512

22) LENGTHS 76 NR REPS 1 HALFAS 477

BSSSSLIPL2UALLALL LALA QUL 1131333311 3333233 L1SSSISILL 111 111133233331113

DSOSSULIIZULLILNLLL112111121 266611 26665461 12666611111 NL111 126646661112

23) LENGTHE143. NR REPS 4 HALFAS 488

BUALLLLEL11121 2231512331 211133221 322220233 22221232222202 LALA AL LIL ISA S11 1333333
2413233333333] 1213111333333344444444322333332333333112332222122

DLLLINLE11112126541212401211126561256666455666 124665666511 NIT LIL ISL I12121 11266666

6112546656566112121112666656566666665564556654656661 12465666126

24) LENGTH= 89 NR REP= 1 HALFA= 497

31133333335433333333333333433333333111313333333333331 251201 ss2errieri112521322

334434433

i j2eaepboecccodana ore spasoesceliiatzeeeeeeobbees?4121111117111111145285 0256
465655656

8ST



Table 9 continued

25) LENGTH=151 NR REP= 1 HALFA= 518

S454 1111S P11 AL 2h PAtQe sti StS2SSS2PSSA2ULAAULAL2as gars ap s2taar Sass 1 11132013

23313313632632323134444434244342533241 31201111415 1112227533355523253122

QAASLILLALLLALULL2UIL1LL 2011121254655 346120 VLALPALIAPPA ALIA srt2tass2igisss12ss12
4461261256326542312566665544665446664 121211111111 1112666466665564344123

26) LENGTHS 34 NR REPS 1 HALFA= 533

4LILLVL1A22bgt1t2rrsLa2s2yitst1122

QALITTLELZSTLILL2tI1 12646 Lt 11126

27) LENGTHS 32. NR REP= 1 HALFA= 551
QULTAL1t111414222211521232222122

QHILL1L1111111266611121246666126

28) LENGTHS 32 NR REPS 1 WALFAS 561
QULS32200511 Ap L2srssis3rssisst12

QUL265O6L 2511 1124s As2tisitiis12

29) LENGTH= 27 NR REP= 1 HALFA= 565

Qe21sS2222220221 111111111122
2661 2646666644111 1111111126

34) LENGTH® 27 NR REPE f HALF AS 607

2223 1111112392322222222202

266411 111112456 456665606596

31) LENGTH=174 NR REPS { HALF As 656

442223653344394412133331444443324344444433234434443223242 11111 13113243932434d4444

444433434242321 233121 43244422243243352322123331114231333325242423344449323323232
22232322233232

2646644466 565656121 265612666656545566665565456556655545441 111 11211 25456545566666

666666555444441246121 256466466 465456464561 24661 112441 766654544444656665644054544

66645466646546

32) LENGTH=124 NR REPS 1 HALFAS 714

QUL2GLALAG 112220251 411211111121112552325552111112413122222551232322233022222722

22122222322221522322322221 211211221231 111112

QUL2ULL11111125612411112411111211124564554551111121121266634612454465 46566666666

56126665466661246446466651 211211 261241111112

33) LENGTHS 41 NR REPS 1 HALFAS 784
SULLALTELAALLESTLLS4LELS433L44t ati Sis11t2
QUALLLLALL1 ALL 211126111 25661 2612112111112

34) LENGTH= 54 NR REPS J HALFAS 882

BLQUL 222011121221 2222012, 211i sr2s srs its2itis2i12211122

2LQUL2G6LLL1212612G5G6L2i2U VASA Aiit2ptii2ii76r1126

35) LENGTHS 44 NR REP= 1 HALFA= 896

22122211112131211221112221222222122222222222

221256111121212112411126612666656126664565556

36) LENGTHS 61 NR REP= 4 HALFA= 912

QUQUALAALLAQLTAL2PI2LL ALLL 2ts2122121211222s2ss22s112sii1111312

QVQULALALLL2N1L2UL2LL ELT LAPP 2L22L21 2112551211 PSs 1L2LILILI212

37) LENGTHS 48 NR REPS 1 HALFA=122a
SISSSISIS2IALSSISALUALLLA LLP ASSSEVAaS LATA
26GSS6ESE4AL1PSOOLLLLILLALLL1206EL 120A IAS

38) LENGTHS 73 NP REPS 1 HALFA=1021
22333331111263363111122222332441244444531 2255223346611 312111131 11212123512

26466661111246554111126666463461 246666541 2635564045611 212h11ALii2i2taai2

43133

11126

6ST

——



Table 9 continued

CLASS NUMBER 8 > DIRTY SURF

DSO ICR AIOE ORES ERE RAR IRE EERIE

1) LENGTH=125 NR REPS 1 HALFAS 241

TIIPIZITIVIIZIITTAIITIVITIAITVIDIDATIITIVAIVIVITIVIDIIPIIIZIZIZIDIZIFITITIIIIIIIID.

DIZIITITVIZIAIITIVIZITIVIDITZITVTIVIVIVITITIIII7

2566566656 4655564665056666565556666656655556666656666665565555566 6665556 65666566

666666645656655666656666566656666666666655665

2?) LENGTHS130 NR REPS { HALFA= 286

DIDIZIITITIVIITIVIVIDITIDZIFADAIIAIITIVIDITIITIAIZIVIFIVIVITITIAVIVIVIFIFIFIIIFIIID

777776776527777777777776777436777676657 57 657777777

2556656565655566565556555646455655546654456656666555566656656665 4566 566656556666

66665556532456656445655644562444565652445654354566

3) LENGTHS141 NR REPS 4 HALFAS 296

VIITITIVIVIVITIZIVIVAIITIAIVIOTZIITIIIFITIFITIZIII TEST BGIII77 77477777777 77977 76767

DIDIDIFIZIZIDIZIDIFIZIDATAIATITIAIVIIIIZIDADIATVIVITIIIDIIIII7IIT

25556566655656456656655555 56655 565665466556565665666666655565 56555655 46565556565

5556654566546 466564555554556556665656 500566656565 5E665 56656565

4) LENGTHS127 NR REPS ft HALF as 360
TITTITIVIVIVIVITIVIVIVILIVIVITITIVIVIIV AT TIIITVIVIIVIVIDATIZIZIVIVIIIIIIIZITIIAIA.
TIIDIIIZIIIVIVIVITVIVAITIVIVIVIVIZIITIVIVIVIVIVIII

25665666665665666666665666656666666665666666666666665565556 5555566666 66666555665

66555665555555556554556446565656565555656555556

5) LENGTH=130 NR REPS J} HALFas 688
DIIVITIVIDITIVIVIVIIATIPITIVAITIVIFIDITITVAIILIZITIVIVITZIVIVIZIDIDITIFIVIIIIVIIDI

DIIIZIDIZITIDITATAIITIVITIVALIZIDIIIITVIIIIDIIITVIII.

2665556666566666655666566656655566565655555556 5666565665 6666555666 566555 56565665

65565555666665455655665665665555666666566656566666

6) LENGTH=134 NR REPS J HALFAS 835
TIIVIDIFIVIVIIIIIIIVTISIZTIIIIGIITILIVIVIZIVITIZAITAIDIIAIZVITIVIVIFIFVIZIIIIFIIF.
TIITIIIFIVIIDIFAITIAVZIZITZIDIIITIIIITIVITVIIIZIFITIIIIZI

25665465555545455655555456655666556666655655565556564555556566655555566444455656

455446666655665556565556454555665566564555555 565666655

CLASS NUMBER 9 = AMBIG STR
JEDI E BSUS O SEES E SIO I OCOD OR EE

1) LENGTHS @; NR REP= 1 HALFAs 1

a

3

2) LENGTHS NR REPS 2 HALFAs 43

4

2

3) LENGTHS NR REPS 3 HALFa= 49

22

26

4) LENGTHS NR REPS 11 HALFAs 69

33

O9T
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advantageous, because it leads to an information reduction which is

xeflected in a simplification of the structure of the recognizers.

However, precautions must be taken in the special case when two or

more defects have the same string representation, but belong to

different classes. This situation is detected automatically by

the program LENAL and the corresponding strings are assigned to a

special class (class 9), also listed in table 9.

Finally, table 10 presents the results of the analysis of

the separation capabilities of the syntactic elements defined in

ch. 4 and the length distribution of the strings over the entire

range (from O - 200 scans), separately for each defect class.

8.2 Synthesis of the syntactic pattern classifier

The syntactic description of the defects as strings of

pattern primitives and composition descriptors, shown in table 9,

reveals a complicated structure of the pattern languages and a high

degree of structural variability within certain defect classes, such

as oil spots/grease marks, dents and bruises. ‘These properties

indicate that an automatic method for grammar inference is impera-

tively required and therefore justify the effort dedicated to the

development of the algorithm and program which solve this problem.

Certain classes of defects, such as scratches, laminations/five

stand rings and dirty surface, are described by strings of greater

length, most of them having a relatively simple structure. Regular

grammars which generate languages containing long strings are not

necessarily camplicated, because recursive productions provide a

concise formalism for describing situations of this type.
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Table 10 Class distribution of the syntactic elements
FOIE IOI OITA IOI IIOIIOI CITI IOG IOI IID SIS IIIUIOO IOI RII IAI TESA IOI IIIS ASA SSI AS ATO AIA A 4

NR OF DEFECTS= 38

NUMBERS OF NCCURENCES

CLASS: 1 2 3 4 5 6

SYMBOLS

SYMBOL= 1 a 47,49 @ 40,82 58,94 63,54
SYMBOL= 2 100.08 9,70. 97,67, 7,14 7,95 31.27

SYMBOL? 3 {8,73 52.33 12.24. 17,22 > 3.02
SYMBOL 4 @ 20,87 2 33.67 9,93 27:
SYMBOL= 5 Or vg 358? a a 1,32 +82
SYMBOL= 6 Q 1,38 @ 5.18 4,64 18
SYMAOL= 7 @ a 8 1,22 a a

PREDICATES

PREDICAT= | @ 47,49 @ 40,82 58,94 63,54

PREOICAT= 2 100.00 22,74 32,56 24,49 20,53 23,63
PREDICAT= 3 a 1,20 e 2,04 206 236
PREDICAT= 4 ® 3,3 e 3,97 1,64
PREDICAT= 5 9 5,69 P 15.27. gn Sp St 2.55
PREDICAT= 6 ® 20.97 67.44 9,18 12188 8,30

SYM=PRED PATRS

SYM=PRED= Ae @ 2 2 @ 2
te 1 3 43,82 58.94 63.54

2 138,90 34,23 6,12 6.62 19,96
3 eo 2 2 @ 227
4 @ 2 +66 +82

5 2 2 ® 2.28
6 67,44 1,02 66 7.93
2 2.33 19,23 11426 2.83
3 3 1,02 66 299

4 a a +66 255
SYM=PRED= 5 z 2 1.32 +09
SYM=PREDS 3- 6 8 1.92 3.31 36
SYM@PRE 2 2 8.16 +66 18
SYM*PRE 3 a 1,22 a @
SYM=PRE 4 2 9.18 366 ®
SYM=PRE 5 2 9,1 1.32 909
SYM=PRED= 6 2 6,12 7.28 @
SYM=PRED= 2 3 2 1.32 55
SYM=PRE 3 2 2 2 a
SYM=PRE 4 2 2 @ 18
SYM=PRED= 5 a 9 ® +89

SYM=PREO= 6 2 2 @ @
SYM=PREO= 6- 2 a 2 166 209
SYM=PREO= 6 4 8 1,02 1.99 +09
SYM=PRED= f~ 5 2 3.25 @
SYM=PREO> 6- 6 2 1,02 2
SYM=PRED= 7~ 2 3 3 @ 8
SYM=PRED= 7= 3 2 a @ @
SY4=PRED= 7= 4 a a e @
SYM~=PRE 7-5 2 1,92 @ 2
SYM=PRED= 7- 6 8 2 2 8

LENGTH DISTRIRUTION WHITHIN CLASSES

@ 20 42 62 80 199 120 149
CLASS= 120,93 a a a a @ Q
CLASS= 2 94.44 2.78 2.78 2 2 2 8
CLASS= 3 130,23 @ 2 @ a @ @
CLASS= 4 93.33 6,67 a a 2 2 8
CLASS= 5 62,523 25,90 3 12,58 2 8 a
CLASS= 6 33.33 39.39 15.15 9.09 3a 36%3 a
CLASS= 7 45.79 26,327 13.16 13516 5.26 ® 2.63

8 a 8 a a 2 @ 83.33
° 129,02 a 3 a 2 @ e

31.67

33.49

22,36

7,59

3.68

295

26

31,67

12,08

42

11,27

12,84

33.82

@

31.67

A722

233

2,26

5.69
17.44

3.06

84

6.20

2.23

19.84

62

2

1,57

1.92

3.528

044

+04

73

73

1,75

207

248

226

222

204

2

ofl

204

07

39,98

59,44

Sesssose18.7

@

> > 3

BSSCISETESSNSSSSSS
6

2eeste
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However, precautions must be taken when, as in the present case, the

language contains only strings longer than £(% >> 1) and their pre-

fixes which are shorter than % belong to other languages. To prevent

the grammar from assigning these prefixes to the language, additional

productions have to be introduced, but this complicates the structure

of the recognizer, especially when 2 >> 1.

Since the classification of the strings is performed on the

basis of their MNEO distances, this technique was extended to simplify

the recognition of the defects described by long strings with a simple

structure. The MNEO distances associated with these classes of

defects are camputed simply by counting the number of syntactic

elements which are not of the corresponding type and finally by

adding a penalty when the length of the string is not in the charac-

teristic interval.

The simplest example of this type is represented by the

dirty surface defects, in which the great majority of pattern primi-

tives is of type 7 and their length extends between 120 and 141 scans.

The MNEO distance fram a string of length & to the language associated

to this class can be computed simply by counting the number of

pattern primitives which are not of type 7 and finally adding (120 - 2)

if £-< 1202

Consequently, the synthesis of the syntactic pattem classi-

fier has been accomplished in three phases:

1) inference of the grammars associated with the classes of

defects described by short strings with a variable structure;
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2) synthesis of the MNEO distance processors based on the

inferred grammars;

3) direct synthesis of the MNEO distance processors for the

classes of defects described by long strings with a simple structure.

8.2.1 Grammar inference for the classes of short defects with

a_ variable structure

The classes of defects for which the grammar inference pro-

cedure has been applied are the following: 1) dots; 2) oil spots/

grease marks; 3) tin stripping; 4) dents; 5) bruise marks. To

evaluate the extrapolation capabilities of the grammars and the

corresponding MNEO classifier, the set of defects belonging to the

data base was divided in two disjoint subsets: the first was

used for training in the grammar inference process and the second for

testing the performance of the classifier

The interactive facilities of the grammar inference algorithm

have not been exploited in this experiment because the additional

information required could be provided reliably only in co-operation

with an inspector specialized in tinplate defect recognition and this

was impractical in the present batch processing mode. Instead, all

strings which would have been specified by the designer in an inter-

active manner had been autcnatically considered "not defined", but

this solution represents a basic limitation of the maximum accuracy

which can be achieved.

To reduce the complexity of the granmars, only the most

representative syntactic elements have been selected for each grammar,

by inspecting the frequency with which they occur in the corresponding
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class (see table 10). The grammar inference process was carried out

for the following values of the parameter k : k =1, 2, 3, 4. The

transition matrices associated with the nondeterministic recognizers

constructed by the GRINF program are shown in table 11, in which the

nature of each state is specified according to the following con-

vention:

CLASS 1 - final state (string accepted)

CLASS 2 - reject state (string not accepted)

CLASS O - undefined state (string not classified) .

The precision of the inferred grammars improves slightly when

the length of the k-tails is increased from 1 to 3, but further in-

creases do not lead to better language approximations. ‘This satura-

tion effect is due to two factors:

1) the number of terminal syntactic elements included in the

definition of the grammars being only a subset of the syntactic

elements which actually occur in the strings belonging to the cor-

responding class, all the strings which contain syntactic elements

not specified in the definition of the grammar are "imperfect"

strings and are automatically rejected;

2) certain strings which are not "imperfect" are misclassified

because some of their prefixes are not defined in the training set;

these strings are listed at the beginning of the inference process

(see table 11) and automatically interpreted as "don't care" because

there is no interaction with the designer.

None of these difficulties is an inherent limitation of the

grammar inference algorithm and could be overcame by augmenting the
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Table 11. Transition matrices of the recognizers.

MATN' PROBLEM PARAMETERS?

UNDEFINED STRING

23

24

UNDEFINED STRING

5

2

UNDEFINED STRING
53

26

UNDEFINED STRING a
213 :
212

UNDEFINED STRING

322

266

UNDEFINED STRING

344

256

UNDEFINED STRING

34

24

UNDEFINED STRING

34a

246

UNDEFINED STRING
44

25

UNDEFINED STRING

444

255

UNDEFINED STRING

313

212

UNDEFINED STRING

3134

2125

UNDEFINED STRING

44

24

UNDEFINED STRING

444

244

UNDEFINED STRING

325

243

UNDEFINED STRING

3253

2436

UNDEFINED STRING
443

266

UNDEFINED STRING

4433

2665

UNDEFINED STRING

4443

2065

UNDEFINED STRING

344

254

UNDEFINED STRING

3443

2546

UNDEFINED STRING

4444

2665

UNDEFINED STRING
(aaaga

26656

UNDEFINED STRING

3444

2566

UNDEFINED STRING

34404

25655

UNDEFINED STRING

344454 |
256555

UNDEFINED STRINGS

441112

261112



Table 11 continued

J-TAILS OF SYM*PRED PAIRS

INFERENCE PROCESS FOR CL4SS= 1
AAD REAR ERATE AEE RED ERR RARER REE

TRANSITION MATRIX

2

2

FUSURIIOIGISIOOI ISIS ISIS EIS IIOIOUSIOIOHOUOICIUISOSOUOOOOUSOUOOUEIOOIIUIUUEIEIUIUOODOIICIOGOTIOUEIGOIODUIIEOCIO OREO EIR IOOr

iz. CLASS= @ mae

12 2 CLASS= 1 A

=e 3 CLASS= 2 1 2

Ts 4 CLASS= 2 ibd:

PERF=198,92%

CONFUSION MATHTX

1 @

@ 37

INFERENCE PROCESS FOR CLass= 2

HAAR AREA EH RE REA RARE ERR ERROR EE

TRANSITION MATRIX

23 - 5 2

2 2 2 4 5na
3 3 4 4 4 2

5 6 4 5 6 6

JOSIE SISO EOIS ISO OICUS EIS IESOSUISIOOIEEOEOIEOGEIUCEONOIBOIUSIUCSUICIOUOOIE I IIOIOUITOOI I IUOUOOUTODUE TOTO OI ITI IE

Ts 1 CLASS= 2 GeeaeiseG Crake Sgt re 46 AS 6 ed Oa Bee One ee

122 CLASBe 2 eee Se Curd, Ore Bk 6 a dR Fk bo 6 Rh Ty ae Oe oon

Iz 3 CLass= 2 1 6 6 AS 1 6 2-3 4 @ f="6 23 1 6 233 oe 2 5s

Ie 4 CLASS=# 1 8 1 6 1 6 ao, a 1 6 4 oe 1 6 $16 $7 .¢ 46 Fs
I= 5 CLASS= 2 16 36 1 6 oe 1 6 1 8 cue 2 1 6 Is 1 6 a8

1s 6 CLASS= @ 1 6 1 6 16 1 6 1 6 4 6 16 23 4 6 1 6 1 6 1 6
17 CLasss 2 7 2 vie 7 2 7 @ 7 2 7 @ 7 a 7 ¢@ 7 2 7 @ 7 0 7 6

PERF 87.14%

17

LOT



Yable 11 continued.

INFERENCE PROCFSS FOR CLASS= 3
HR ERARRERRERE RESTS EERE RARE EER

TRANSITION 4ATRIX

2 3 2

2 2 6

cwenun Mousune ReHVNVNS Neerenen wannaae Neeee nw enanane vanunan eaucucu
PERF=100,00%

CONFUSTON MATRI¥

- 2

2 36

INFERENCE PROCESS FOR CLASS= 4

PRR REE EERE EE RRR K

2 3 4 2 3 3 4 4 4 4

2 2 2 6 3 6 3 4 5 6

TOSOBE HESS OI ISUNO NEE OEISOSISSE EONS UES U IESE ISG OIIUCUUIEGU GIES OCOIGI IIT IIIT IIOF

I2 14 CLASS=

ts 2 CLASS=

123 CLaASss=

Is 4 CLasss

Iz 5 CLasss

1s 6 CLASS= eens ieee Geenano Orereu Beenoe eae he wee.naeo oreunn a@naases are un Senseo orunen eaesas Gin man w@oanasn Gen nee weonon ane tgoee seaacne noeene pesave
PERF= 88.57%

CONFUSION MATRIX

89T



Table 11 continued.

INFERENCE PROCESS FOR CLASS= 5

PRR EE RRR EREEA REE

TRANSITION MATRIX

2 3 4 2 3 3 4 4

2 2 2 4 3 6 5 6

JESSE ESIG ISIS SUI ISIIBISIIOIS EIS ONIOUTODCI DECI IIIO IO
TOS CUSUDEIOIIUNOU SII IOOEIOOOL DTT RAR RRR HERE

Iz CLASS= @ 264 . 8 264 we 18, 24 1 5 1 5

1s 2 CLasss 2 ta 8 1 5 38 3 6¢@ | 464 a4 <

Is J3 CLASSs 1 1 5 1 5 4.5 1s 1 5 1s > 1s ie

Is 4 CLasse 2 15 165 1 5 . 2 32 1 5 1 5

= 5 CLASS= @ . 15 tes 1 5 i. & 1 5 1s $s @

Iz 6 CLASS= 2 6 3 6 a 6 3 6 8 6 3 6 8 6 8 6 8

PERF= 94,29%

CONFUSION MATRIX

69T
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set of terminal syntactic elements (thus increasing the complexity of

the grammars) and by running the GRINF program in an interactive

manner, respectively.

The confusion matrices and the recognition performance speci-

fied separately for each recognizer have been evaluated on the training

set, by attempting to separate the strings in the corresponding class

from all the other strings. This experiment is useful as an indica-

tion about the precision of the inferred grammar and the nature of

the errors, but has no direct relevance to the global classification

of the defects which will be discussed in par. 8.3.

8.2.2 Synthesis of the MNEO distance processors for the classes

of defects described by short strings with a variable

structure

The transition matrices which describe the acceptors con-

structed by the GRINF program represent the input data for the program

SYNREC which computes for each defect class the associated correction

table V(T, S, c) used to calculate the MNEO distance from a string to

the corresponding language.

Since the grammar inference procedure has been carried out

for 4 values of the parameter k(k = 1, 2, 3, 4), the program SYNREC

will produce 4 sets of correction tables. Table 12 shows only the

correction tables obtained for the value k = 3, which provides an

optimum performance - complexity trade-off of the syntactic pattern

classifier. Although the correction tables are 3-dimensional arrays,

the computer print-out is organized to produce 2-dimensional tables,

to permit a simpler interpretation: for each defect class, the asso-

ciated correction table is printed separately to indicate the MNEO
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Table 12. Correction tables

DESCRIPTION OF CLASS= 1
FIDO OIC oe

NS= 4 MS= 3 NFSTS 1

FINAL STATES?

NR OF SyM=PRED PAIRS= 2

wn

MATRIX VTSC

SOO OR tee

tz 
|

|

Sie A catleu |

Riel nes |
9999 9999 9999 \

’ tans i
|
i

T= 2 
|

|
6 2s Ompeat 

|
(2 oie \

9999 9999 9999 I
ae |

t

I= 3

BS 2a et

toy ate

tes ie ned

i ont see F

Iz 4 
{

9999 9999 9999

9999 9999 9999 I

9999 9999 9999 -

a a a |



Table 12 continued.

= 2DESCRIPTION OF CLASS
FOI III II IR II

14° NFST= 1

FINAL STATES®

NR OF SYM=PRED PAIRS213wovOsesononwoao

ov
ona0newaw

MATRIX VTSC
LOCOCO TU ote Bane aseaanannewarenRananen-os-ceHeornnne aaaenasnan oaneeeaeaseeaneerenaanenanRanaseeRaaneaaeBane

Is Brace neasensa4asenaneBrenaanonaea=so-s-—Raoeaaaeen-a-e-RaeaaaeSenn-se
1s BANAaASanaaadnanHOU O MHOnnaBH oeSasa eBoasneeease ee ANN AASBenneaangeee eyRanacenSonesBananasBer nnenSaaasenGonnaRaanaenSewer cewacsaaewae ane en



9999

9999

9999

9999

9999

9999

NSS

Tz

mene s-

rereees
9999

9999

9999

9999

9999

9999

a

eseeers
9999

9999

9999

9999

9999

9999

Table 12 continued.

rereere
9999

9999

9999

9909

9999

9999

2

eserees eOorrens
9999 9999

9999 9909

99

99

99

99 9999

99 9999

99 9999

9999 9999
a a

DESCRIPTION OF CLASS= 3
III I IIe

7

wn

MS)

nw an

5 NFST= 1

FINAL STATES?

neannnne
9999

9999

9999

9999

9999

9999

a

NR OF SYM*PRED PAIRS= 4

MATRIX VTSC

TOU or

ee Ne are -e-s9a- enue re Bye

9999

9999

9999

9999

9999

9999

a

9999

9999

9999

9999

9999

9999

a

manners
9999

9999

9999

9999

9999

9999

a

meceues
9999

9999

9999

9999

9999

9999

a

9999

9999

9999

9999

9999

9999

@

9999

9999

9999

9999

9999

9999

a

173

ereNeee
9999

9999

9999

9999

9999

9999

a



174weesaesRanefeesBannan nonananeRonaAe64na5

Seun-sa ANNsAaaenne

nee aceeRena naeSe---8H
Is SdewanneaeosaeeBaas sa—GHsnneos
1s -annnasRaneMame caeRaananeBan-H-8-
ts aoancosAAAADASAARCAAAAADaaaaa090coacceDAAGAGoococeaoonoosDAARAR

oocancAAAAAHDA®ARA0BAaaanBARRACaGCaeeeconoesDAARADOaaaaeDAARAAD
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Table 12 continued

DESCRIPTION OF CLASS= 4
SOI IOI IORI IR ER

16 MS3 12 NFST=Nsa

FINAL STATES!

NR OF SYM@PRED PAIRS=11<0©70<2wnneonn

wo=anowe

MATRIX VTSC

FRR

Is Boneneerneanaosaae

aamaon aaaSOsQanae-Bensonaunoonet eer
ARe465Bo4ReHen-se- Aeanaser eer

aa480-Se-e54eensenHosaernsonaaeaanSo-s6-RoseRe
en-ss- Andeanan-e0-Oease-

BHanoeSence-Sacce-RoaaeeH6-se6—4Raae--568-
Is HN HeSar nansaneB--n6-ean ene

BSaece-e-se54S--ec-

RacsaHS--ss-

ereS--s6-

2 ° 2 a a a a @ a a 2

9999 9999 9999 2999 9999 9999 9999 9999 9999 9999 9999 9999

9999 9999 9999 2999 9999 9999 9999 9999 9999 9999 9999 9999

9999 9999 9999 9999 9999 9909 9999 9999 9999 9999 9999 9999

999 9999 9979 9999 9999 9909 9999 9909 9999 99949 9999 9999

9999 9999 9999 9909 9999 9999 9999 9999 9999 9999 9999 9999



Table 12 continued 176

DESCR’PTINy OF CLASS= 5

ARNE RRR ER EET EER

NS= 6 MS= 19 NFST= 1 E

FINAL STATES?

NR OF SyM=PRED PALRS= 9

aw nw ne an wu os we oe

MATRIX VTSC

PAAR eee

Tet

1 1 1 a e 1 @ a @ 1
9 @ ° 1 1 2 ! 1 1 L

1 1 1 t 2k Oa Caley 2a 452 x
0 1 ° 1 1 a 1 1 1 i: :
1 1 1 2 ° 1 a 8 1 1

1 1 1 t 1 i‘ 1 1 1 @

12 2

Ae 8 TB 1 1 1 1 1 Cir F

t 1 1 L 8 1 PS ct 1
} 1 1 2 1 1 2 1 1 1
1 1 1 1 8 a e 2 1 1

@ 8 @ 1 1 1 1 1 1 1

1 1 1 1 1 1 1 1 1 Q

tz 3

Bs bd a Zone eee Lee 1

1 1 ‘ 1 1 1 1 1 1 2

1 t 1 1 1 1 1 1 = 4

1 1 1 1 1 1 1 1 ! 2
Bi Reid NRC rua d Oe ie. on: aie 1 1

1 1 1 1 1 1 1 t 1 a

I= 4

a 3 @ a a 1 e 2 @ 1

1 1 ‘ 1 ic 1 1 t ips. |
1 1 1 1 1 7 3t 1 1 1

1 1 1 1 ‘ 1 1 t 1 1
Cul Se ao A 1 2 2 1 1

1 1 1 1 1 1 t 1 1 a i

|
t= 5 

1

a a ® 2 a 3 8 i a 1 t
1 1 1 1 t 1 1 Sere 2 ii
Sa a ann ON 2a eA cients ne arcs }

1 1 1 i 1 1 PCS os hte
9 2 o 3 @ @ a 3 1 1

! t 1 1 1 1 1 1 1s

9999 9999 9999 9999 9999 9999 9999 9999 9999 9999

9999 9999 9999 9999 9999 9999 9999 9999 9099 9999

9999 9999 9999 9999 9999 9999 9999 9999 9099 9999
9999 9999 9999 9999 9299 9999 $999 9999 9999 9999

3999 9999 9999 9909 9999 2999 9999 9999 9299 9999
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distances from a given state i to all states of the acceptor, for all

terminal syntactic elements specified in the definition of the

language.

8.2.3 Direct synthesis of the MNEO distance processors for the

classes of defects described by long strings with a simple

structure

The classes of defects included in this group are the fol-

lowing: 6) scratches; 7) laminations and five stand rings; 8)

dirty surface. The basis for the design of the MNEO distance pro-

cessors associated with these classes is represented by the analysis

of the strings shown in table 10, which reveals the following proper-

ties which can be used to simplify the recognition of the defects:

1) scratches: 72% of the defects are shorter than 40 scans,

but longer than 12 scans; 73.5% of the syntactic elements are of

type 1-1 and 2-2;

2) laminations and five stand rings: their length covers the

entire range from O - 180 scans, but 75% of the string lengths are

longer than 25 scans; the most frequent syntactic elements are of

type 1-1, 2-6, 3-6, 4-6 and 5-6;

3) dirty surface: all defects are longer than 120 scans and

96.03% of the syntactic elexents contain the pattern primitive of

type 7 (3 or more scan sections), which does appear only accidentally

in other classes of defects.

One of the difficulties expected to be encountered in separa-

ting scratches from laminations is due to the fact that same defects

in these classes are described by similar strings. An analysis of
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the corresponding specular video-prints indicates that same of these

defects have indeed a similar pattern and therefore a higher degree

of misclassifications between these classes will have to be accepted.

Additional information, such as off-specular videoprints or analog

samples, is necessary to obtain a better separation between these

classes. The frequencies with which common syntactic elements (type

1-1 and 2-2) occur in these two classes of defects are different and

this property could be exploited to enhance the separation capabili-

ties of the classifier, but it has been considered that at the present

stage the complications introduced by assigning non-integer weights

is not justified.

The formulae finally adopted for computing the MNEO distances

associated with the classes of defects, 6, 7 and 8 ar= the following

(2 denotes the length of the strings, ES denotes the primitive j and

BS all the other primitives) :

1) scratches:

gL

wweo (6) = ) , @, FP) (8.1)

=

if 2 > 40, MNEO (6) = -MNEO (6) + (2 - 40) (8.2)

2) laminations and Sve stand rings:

L

= ( aMNEO (7) & (P) +P, +P, + Bae P.) (8.3)

i=l

if & < 30, MNEO (7) = MNEO (7) + (30 - 2) (8.4)
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3) dirty surface:

tL

mvzo (8) = ) Bt (8.5)

i=l

if & < 120, MNEO (8) = MNEO (8) + (120 - 2) (8.6)

The classification performance of the syntactic pattern

recognition system was also evaluated for a second situation, in

which no attempt has been made to separate scratches fran laminations

and five stand rings. In this case, the cambined class, denoted by 6,

and the dirty surface, denoted by 7, are classified using the following

formulae for the MNEO distances:

(8.7)

if 2 < 16, MNEO (6) = MNED (6) + (16 - 2) (8.8)

i
eas

2) MNEO (7) = ey PL (8.9)
i=l

if & < 120, MNEO (7) = MNEO (7) + (120 - 2) (8.10)

Although this technique is very simple and does not take into

account the statistical properties of the defects, it is well adapted

to the general concept of edit distances and leads to a reliable re-

cognition of these classes of defects.

8.3 Recognition performance of the syntactic defect classifi-

cation system

The performance of the syntactic classifier has been evaluated

on a testing set of defects, obtained fram the complete data base after

eliminating the defects used in the grammar inference process. Since a
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number of different defects may have the same syntactic represen-

tation, the sets of strings used in designing and testing the classi-

fier are not necessarily disjoint. This situation is likely to bias

slightly favourably the performance of the classifier, but since it

reflects a specific feature of the syntactic method, precautions to

eliminate this effect by artificial corrections are not justified.

The experiment has been performed for the values of

k=1, 2, 3, 4, in two situations: 1) when scratches are considered

a separate class; 2) when scratches are cambined with laminations

and five stand rings in a common class.

The final results are summarized in table 13. The computer

print-out shown in table 14 describes in detail the cperaticn of the

syntactic MNEO classifier as a support for the interoretation of the

results. The results refer to the classifier designed with k = 3,

tested in the case in which scratches are treated as a separate class;

only strings which are not classified correctly are included in the

table.

Considering the high variability of the defect properties

within a class, the final results may be interpreted as a proof of

the validity of the theoretical methods and the feasibility of the

proposed syntactic pattern recognition system. The general frame-

work offers a sound basis on which improvements can be incorporated

to ensure a better performance. ‘The shortcomings of the present

system are revealed by the nature of the classification errors,

which is discussed in the following section, with reference to case l,

when scratches are treated as a separate class.
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Table 13 Simulation results

Recognition performance

and VSR

k 1 2 3 4
case

1. Scratches treated as
a separate class 66.54 68.88 70.92 70.92

2. Scratches cambined

with laminations 78.97 79.24 80.10 80.10

Confusion matrix (Case 1, k = 3)

er es: Ste Se TGS AL

Tepes 0) Oe Om O'' O08 OvaiG

PEW O Om. Oe espa) Si oad i Ooke

oO reemmets Ort. Ons O80 <0 7-2

Asierae? SO. BOs Oneal et Onn

Bi -Omm lea Ops, th ee) Fest eas Or ae

GOOF Oe O02 (Ole 20, 104g Ol ses

iLeOmece § O=mOs > OFS: 26) > Or 212

Bo. ss ORO Oli One 0.) FON GO

Case 1

1 - dots

2 - oil spots/grease marks

3 - tin stripping

4 - dents

5 — bruises

6 - scratches

7 - laminations and five

stand rings

8 - dirty surface

9 - reject class



182

Confusion matrix (Case 2, k = 3)

eee. | Silt (Ae Gus Oyerie os 8

ISO", OSC; O50 Oi 0 FO

2:17 O40 1b tO 42 One 9s 0 |-10'

3; | (O° 0! BESe One20e 20 Ore.

GNO ne SO eer RO! sat O- $2

5: [On be Oma peweess Sou. IL

6: (0 + i020 2100s Ol 3

Too ! 0) | OmmOwnO Orr 6 0

Table 13 continued.

Case 2

5 as in case 1

scratches, lamina-

tions and five

stand rings

dirty surface

reject class



EVALUATION OF RECOGHITIAN FORMANCE 
{

RRR RRRR ER EERE CREE REE TORE CREE ATEER

34) CLASS= 6 CLASS ASS= 7 nOTDEF =A
OTSTANCES= paa_2aass2WM BBA 236 @ 128
DULLLAPLOULLULLLLLESOL

e ss ats UsiapsLi tits tasoeriri2s2rgasagisys ss i3i 1115222
PLLLLALLDALIULLLELTOAg Lat gL EV At est gsssirrsaeagrrsarcagi eres VULL112111112666

72) class= 2 eLass ass= 9 NOTDEF=1
DISTANCES= 1 i ? 1 1 9 26 122

3112

2412

8A) CLASS= 2 CLASS ASS= 9 NOTDEF=1
DISTANCESS 2 1 2 1 1 uw 27 128

233

246

82) CLASS= 4 CLASS ASS= 9 NOTOEFS1
OTSTANCES= 3 1 2 1 ! 10 26 120

2133

2126

83) CLASS= 5 CLASS ASS= 9 NOTOEFS!

DISTANCES a 3 ? 1 6 289 27 122
333

266

84) CLASS= 3 CLASS ASS= 9 NOTNEFSt
DISTANCES= 3 3 1 a 3 9 26 120

3222

2666

95) Class 7 CLaSS A5S= 2 NOTOEFS®

DISTANCFS= 4 4 1 1 4 5 23 120
?122222 

a
2126556 

w

96) CLA 4 CLASS ASS= 2 NOTOEFEL
DISTANCES? 3 t 4 1 5 tke 67' 25 120

44412

24412

97) CLASS= 2 CLASS ASS= 9 NOTDEFS1
DISTANCES 4 3 3 2 ' 206 26 122

3443

2466

9B) CLASS 2 CLASS ASS= 6 NOTDEFSA
DISTANCES= 2 L 2 1 2 ® 20 122

Bosrsrt1112 
\

2oLtsitii12

tae) CLASS= 2 CLASS ASS= 4 NOTNEFSO 
}

DISTANCES= 3 i 3 a (ae 28s 21 122
Say it1113

251111112 
|

fa!) CLASs= 2 CLASS 4ss= 9 NOTDEFS1 |
DISTANCES= 2 1 4 1 1 6 22 12¢

i 4arii2t2 
\

| Po1i11212

| 1u2) CLASS= 2 CLASS ASS= 9 NOTDEFSL
| TANCE SS 5 4 2 2 27 25 1 \

: Oe caas - , a Table 14. Analysis of the classification |
i 24303

133) CLASS= 4 CLASS 45S= 2 NOTNEFSO
DISTANCES= 4 2 4 i 1 208 26 12a errors . i

aqaa 
i

2565

134) CLASS= 2 eLASS NOTNEFS1

DISTANCE S= a 5 1 a 237 25 122 +

44332 
1

25664

yas, ¢L_asse 2 [LASS ASS= 9 NOTDEFSI



187)

138)

109)

118)

113)

114)

118)

119)

120)

122)

126)

130)

A314)

132)

133)

134)

CLASS ASS= 4 NOTDEF=23

1 4 a 2 207 25 128

chass= 5 CLASS 455= 5 NOTMEF=3

1 1 2 1 t @ 19 128

NOTNEF=9

1 3 2 2 8 17 128

25r11tiyiti11l2

ciass= 2 CLASS 4SS= 6 NOTOEF=3

DISTANCES= _ 2 1 3 1 1 e 16 128
B3ritttrriii112

OSLittdisdtiti2

CLASS= 6 CLASS ASS= 9 NOTDEF=1

DISTANCES= x 1 2 a 2 ® 17 120
2LLLi12911313

21iytii26itar2

CLASSs 4 CLASS ASS= 9 NOTDEF=1

DISTANCES= 3 1 2 1 1 200 17 120

Qtsitiai13iad

2Qrsdisiis2t23

CLASS= 2 CLASS ASS= 9 NOTDEF =!

DISTANCESS 4 a s e a 201 19 120

PLidss3taas

21111121266

CLASS= 7 CLASS ASS 6 NOTDEF=@

DISTANCES= 200 200 20a 200 208 2 15 120
Sarqiirpi22tiiit2

QeLdALAL2S11112

CLASS= 4 CLASS ASS= 2 NOTDEFS9

DISTANCES= 4 @ 4 1 2 202 28 120
2ysiiiaada

2111112456

CLASS= 5 CLASS ASs= 2 NOTDEF=0

DISTANCES= 6 8 6 1 1 206 24 128
44444g

266666

CLass= 7 CLASS ASS= 6 NOTDEF=a

DISTANCES= 200 222 200 200 ava ® 12 128
Qy1issa132121121112

Qrsi1ss125s21121112

CLASS=! 7 CLASS ASS= 6 NOTDEF SO

DISTANCESS 203 290 220 200 208 a Ww 128
QULAt1it11t121122202

Qu111111111121126666
CLASS=; 7 CLASS ASS= 9 NOTOEF=@
OISTANCES= 200 220 280 200 200 208 13 120

31112211211231132

21112611211241125

CLASS= 6 CLASS ASS= 4 NOTDEF=@

DISTANCE 7 2 6 1 2 205 24 120
3444643

2566653

CLASS= 5 CLASS ASS= 7 NOTOEF=9

DISTANCES= 200 226 220 202 200 236 2 128

QLLLALIALASIPLSLISASSOSAI SSATP AALALVAP LAL SALSA L SIAL 2USSiL LAAs srti3i12

QULLLLLALL2LLISEL2LS64GGLLQQL2LL ALLL TAAAAQLIL SELLA LAeier2eeasissasitsii2ii12
CLASS= 2 CLASS ASS= 9 NOTDEF=1

DISTANCES= 5 1 4 1 1 200 15 128
S3I111111131533

PeLii1111121266

Table 14 continued.

eT



137)

141)

145)

147)

148)

149)

150)

155)

164)

165)

169)

171)

172)

174)

179)

161)

Sener ee Be —e-

DISTANCES= 208 220 200

S2natits

CLASS= 7 SS ASS= 9 NOTDEF=1

CISTercese 18 1 iz

22223333333

258 64566K66

CLAgS= 2 CLASS ASS= 9 NOTDEF=9

DISTANCES= 200 200 209

QUsy3s2igatisaiiiisde

QULLAe2rgP 12119111266

CLASS= 2 CLASS 4SS= 9 NOTDEF=@

OCISTANCES= 3 208 200 230
Soasitry{1111443

POROLININ1I11265

CLASS= 7 CLASS ASS= 6 NOTDEF=0

DISTANCES= = 200 280 20a
PrAALAdLL115111111120222

PLYAVLELALL2L11111126666

CLASS= 7 CLASS ASS= 6 NOTOEFSA

DISTANCFS= 208 200 200
21111133222221112122

24111126566661112126

CLASS= 2 CLASS ASS= 9 NOTDEF=9

DISTANCES 233 200 200
4q3 1114 y 119463

2661111 LIL 2456

Class: 6 CLASS ASS= 9 NOTDEF SO

DISTANCES= 200 ang 200
SHAUL ISAT ASSSI2
2Y1111112561 206012

Crass? 7 CLASS ASS= 2 NOTDEF SO

DISTANCES 12 3 7

2222256293332

2546644664666

CLASS? 5 CLASS ASs= 9 NOTOEF=0

OISTANCES= 209 200 200
Q1LL2311633443s 1111112

Q11L2211 2664651111112

CLASS= 6 CLASS 4SS= 7 NOTDEFS@

DISTANCES= 200 200 200
QQLL2LLLALSLLLA11LQtiStittristriis62
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8.3.1 Analysis of defect rejections

Defects are rejected (not classified) whenever there exists

uncertainty about their class, expressed mathematically by equal MNEO

distances from the corresponding string to two (or more) languages.

Case 1: Zero MNEO distances to two (or more) languages

This situation occurs when two grammars generate intersecting

languages, hence the cause lies in the inaccuracies of the grammar

inference process, discussed in the preceding paragraph. Errors of

this type produce, for example, the rejection of the strings numbered

53, 66, 74, 87, etc.

Case 2: Equal non-zero MNEO distances to two (or more)

languages

Imperfect strings for which the MNEO distance is not uniquely

determined are rejected because the class probabilities are assumed

equal. This assumption is not reflected in the data base, but in an

on-line situation defects tend to repeat during a short time and

average values taken over a long period are not meaningful.

Rejections of this type occur relatively frequently; for

instance, the strings numbered 45, 49, 51, 65, 67, etc. This problem

can be overcome only partially by improving the accuracy of the

inferred grammars, because it i inpractical to extend the grammars

to incorporate more and nore imperfect strings. The best solution

is to extend the VISC correction tables from integer to real values,

following the ideas presented in par. 6.3 and thus reducing the number

of situations in which imperfect strings are assigned equal MNEO

distances to two languages.
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82362) Analysis of misclassifications

A careful analysis of the factors which determine incorrect

classifications reveal the existence of a certain number of unrelated

causes:

1) Similar structure on the specular videoprint: the best

example of this type is presented by the scratches and laminations,

which often cannot be distinguished on the specular videoprint.

2) Incorrect defect delineations produced by the clumping

algorithm. Defect nr. 114, for example, consists of two oil spots

which have been merged because the capture rectangle was too long,

therefore look like a five stand ring and are classified accordingly.

The opposite effect isolates the scratch represented by the string

ne. 64 because the capture rectangle is too short, and the resulting

fragment is classified as an oil spot.

3) Unsatisfactory separation capabilities of the selected

syntactic elements, combined with imprecisions in the granmar inference

process produce a small number of misclassifications.

8.4 Conclusions

The observations listed above confirm certain limitations of

the techniques which had to be expected; possible solutions to these

problems have already been suggested in the preceding sections of the

thesis.

A parallel investigation on the application of feature space

techniques to the classification of tinplate defects is currently

being undertaken at the Instruments Systems Centre, but comparative
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results are not available at this time. The recognition performance

of a feature space classifier can be expected to be better, for two

reasons:

1) incorporation of features extracted from analog data is

straightforward and enables a better separation between classes of

defects which are similar on the videoprint;

2) some defects on the specular videoprint are not well struc~

tured and any syntactic pattern recognition technique is likely to

give a lower performance in these cases.

The syntactic pattern recognition system developed in the

thesis is intended to have general applicability to the classifica-

tion of dynamically changing two-dimensional patterns. Its perfor~

mance has been tested on tinplate defects because an industrial need

and a potential data base existed, but the final decision on the

feasibility of this approach will depend on the nature of a specific

problem.
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9. LOGIC DESIGN OF A REAL-TIME SYNTACTIC PATTERN RECOGNITION

SYSTEM.

In the previous chapter it has been shown that the

algorithms developed for grammar inference and defect classification

provide a good performance with real data, in an off-line

simulation experiment. The final questions are related to the

practical aspects of the problem:

1) is it possible to implement this method at the very high

speed required on-line ?

2) if so, how complex is the hardware implenentation of a

syntactic pattern classifier ?

It was considered that the most convincing answer to

these problems is to design the logic structure of a syntactic

pattern classifier, based on the methods developed, and then to

evaluate it in tems of computation time and hardware complexity.

The structure of the system designed in this chapter is intended

to be general, but the quantitative parameters (number of classes,

number of states, number of symbols, etc) refer to the present

problem. Since the main objective is to show the feasibility of the

hardware implementation in tems of speed and complexity, the design

is not carried out in detail.

oa General description of the proposed syntactic pattern

recognition systen

The general structure of the syntactic pattern

recognition system, introduced in par 2.3, consists of two basic
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blocks which participate in the real-time classification process:

the pattern description block and the pattern classifier. The

theoretical principles underlying the operation of these blocks

have been developed in chapters 4 and 6, respectively, which also

contain a detailed specification of the functions which must be

realized.

The allocation of hardware resources for implementing

these functions must take into account the different speed at

which they have to be performed. The solution developed is

outlined in the block diagram in fig. 9.1 and presents the

following features:

1. the pattern description block is relatively simple but

has to hich sampling rate (1-5 MHz), hence TIL-MSI

circuits are an optimm solution.

2. the SIUs have to be stored in a buffer memory, to

enable the subsequent operations to be performed at the average

rate, rather than the maximm rate.

3. the pattern classifier was designed to use a dedicated

microcomputer, which interacts with the SIU buffer while it is

not being accessed by the high speed pattern description

block; the micrecomputer offers an economic solution and will be

shown to satisfy the speed parameters of the system.

The signals wi control the operation of the system

were specified according to the block to/from which they ae

transmitted as follows:
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Pattern description block

a) input signals

the delineation system:

BSS - beginning of scan pereicn

ESS - end of scan section

ESC - end of scan

the scanner:

TRIG - trigger samples

b) output signals - all to the SIU byffer:

Ppp > pattern primitive

ced - composition descriptor

EOD - end of defect

SIU buffer

a) input signals (not previously specified)

the delineation system: Nr. Def - defect number

the classifier (microcomputer) :

Read - Read next SIU, if not busy

b) output signals (all to the microcomputer)

Nr. Def, pp, cd - SIU to be processed

Process ~ indicates that not all SIUs stored in the buffer

have been processed

Error - buffer overflow

Pattern classifier (microcomputer)

a) input signais: already specified

b) output signals ot previously specified) :~

CLASS - the class of the defects whose end had been

detected.



The functions performed by the blocks shown in fig. 9.1

and their input - output signals represent the basis on which the

logic design of these blocks was carried out. Since the design

methodology is of secondary importance, ‘the following sections

concentrate on the description of the resulting system.

9.2 Logic structure of the pattern description block

It has been showm in chapter 4 that the pattern

description block performs the following functions:

1. extraction of pattern primitives

2. extraction of composition descriptors

3. generating and counting the NOS syntactic elements

(for active defects not encountered during a scan)

95202 Extraction of pattern primitives (fig. 9.2)

This function requires the computation of two parameters ,

as described in par 4.1.1:

1) the number of segments

2) the length of the segments

The logical structure of this block is represented in

fig. 9.2.

Tt has been found that the first parameter can be computed

by a simple FSA which classifies all strings of 1's and O's in three

classes defined by the following regular expressions:

S; = 11 * co *

S, = S00 * Sy,

S3 = S00 * 5; = =

The second parameter is computed using two counters,

cus; and CLS, which determine the nutber of 1's in the first and
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second segments, respectively. ‘The nunbers storeq in these

counters at the end of the scan section are transmitted to the

comparators COMP, and COMP, , which are used to determine their

position in the intervals defined by THR and THR,.

At the end of the scan section, the resulting parameters

are combined in a network of gates Gj, to define the pattern

primitive code (CS,CSCS4) , according to the specifications given

in table 2 (see chapter 4).

9.2.2 Extraction of composition descriptors

This function requires the computation of two parameters,

defined in par 4.1.2:

1) the degree of connectivity

2) the type of comnectivity

The logical structure of this block is represented in

fig. 9.3.

The first parameter is computed using two counters, CNC

and CNUC, for the numbers of connected and nonconnected trigger

samples, respectively, which are incremented by the following

signals:

INC = TRIG (i). PTRIG (i)

INUC = TRIG (i) @PTRIG (i)

At the-end of the scan section, the degree of connectivity

is computed by comparing the numbers (2NUC, NC) and (NUC, 2NC),

using the comparators COMPS and COMP 51 respectively.

The second parareter is calculated simply by employing

set-reset flip-flops, which indicate whether the current and
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previous scan sections contain 1-trigger samples (CNOS and PNOS,

respectively) .

At the end of the scan section, the resulting parameters

are combined in a network of gates G, to define the composition
4

descriptor code (Py CP, 3) , according to the specifications

given in table 3 (see chapter 4).

Conclusion

The structure of the blocks which extract the pattern

primitives and composition descriptors contains simple bipolar MSI

circuits which can operate at frequencies far higher than the

sampling rate (1-5MHz).

9.2.3 Generating and counting the NOS syntactic elements

In principle, this block implements the Smctions of

the array DEFST used in the CLUMPL simulation program (fig. 9.4):

1) indicates whether a defect is active or not, using a

flip-flop A which:

- is initially reset

- is set when a scan section is assigned the corresponding

defect number

- is reset when the defect is rendered inactive because of

not being encountered curin ® successive scans.

2) indicates whether a defect has been encountered during

a scan or not, using a flip-flop E which:

- is reset at the beginning of each scan

(from the delayed end of scan signal BOS)

- is set when a scan section is assigned the corresponding

defect number.
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3) counts the number of successive scans over which a defect

is not encountered, using a counter C, modulo Ke which is:

- reset each time a scan section is assigned the corresponding

defect nurber

~ incremented at the end of each scan for the active defects

not encountered

The counter generates an overflow signal when its contents

become Ke which resets the corresponding A flip-flop, marking the

termination of the defect.

The elements A, E and C are implemented a number of times

equal to the maximum number of simultaneously active defects. A

demultiplexer DMPLX is used for selecting the required defect

number. At the end of each scan, all A and E flip-flops are tested

sequentially and a NOS syntactic element is generated for each

active defect not encountered. This fimction is performed by

incrementing an additional COUNTER whose outputs are connected to

the defect selector through a multiplexor MULTIPLEX. The entire

operation can be executed in the time interval available between

the end of a scan and the end of the first scan section of the

next scan.

When a defec- is rendered inactive, the last SIU indicates

this by assigning the value O to the pattern primitive and the

composition descriptor.
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Se2 The SIU Buffer Memory (SIUBM)

The SIUBM block, represented in fig. 9.5, stores the

SIUs generated. by the description block in a buffer realized as

a RAM with a number of distinct features:

1. it is commected to two autonomous blocks which operate

asynchronously; the description block writes data in the RAM at

a high rate, but not frequently; the pattern classifier retrieves

data from the RAM at a rate which low, but constant.

2. writing data has priority over retrieving data, but

there is no need for interrupts; current read cycles are always

terminated normally, but a new read cycle can not be initiated

while the SIUBM is busy writing a SIU, indicated by the ESS signal.

3. the contents of the RAM are addressed sequentially, in

increasing order, using two pointers implemented as counters:

a) a pointer NEWSIU to the location used for storing

the last SIU; this pointer is incremented by the ESS signal, which

then initiates a write cycle for the new SIU.

b) a pointer LASIUP to the location from which the last

SIU was retrieved and processed by the classifier; his pointer is

incremented when the FEAD signal transmitted by the classifier is

accepted, initiating a read cycle.

The contents of these two pointers are compared

continuously, to indicate the state of the buffer:

~ if (LASIUP) < (NEWSIU), there are SIUs waiting to be processed,

indicated by the signal PROCESS.

- if (LASIUP) = (NEWSIU), the buffer is eet empty,

since all STUs have been processed; when this situation is detected,

both counters are reset to O.
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- if (LASIUP) > (NEWSIU), the buffer has been overloaded

and an ERROR signal is generated.

Both pointers access the RAM on a modulo NB base,

where NB is the maximm number of SIUs which can be stored.

Precautions must be taken to avoid wrong overflow detections

which can occur when the pointer LASIUP makes the transition

from NB to 0; this problem can be solved by providing extra bits

in the counters, used for comparisons, but not for accessing the

RAM.

9.4 Implementation of a syntactic pattern classifier using

a_microcomputer

The classification algorithm described in par 6.2

revealed that the functions which must be performed by the classifier

involve only simple computations, a certain amount of RAM for

holding intermediate results and ROMs for encoding the syntactic

elements and for storing the correction tables. These factors

suggest that a microcomputer could represent an economical

solution. ‘The present paragraph describes how the architecture

of a microprogrammed microcomputer can be adapted for performing

the classification algoriztim; it will be shown in the next

paragraph that the speed of operation is adequate, if bipolar

technology is used.

The main difficulty encountered is due to the fact that

successive SIUs do not always belong to the same defect, because

more than just one defect can be active simultaneously; moreover,

these defects are not necessarily terminated in the order in which

they were encountered.
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A simple method for dealing with this problem is to

choose a maximum number of defects, MNDEF, which can be treated

at any time, and to provide sufficient memory to store the current

state of each defect.

Since each SIU specifies the defect number, this can be

used to select the memory area reserved for that defect and

update the parameters associated to the defect, by processing the

SIU.

The flowchart depicted in fig. 9.6 outlines the

interaction between the microcomputer and the STURM block and the

sequence in which the classification algorithm is executed:

1. anew cycle is started when, after finishing the

processing of a SIU, the signal PROCESS generated by the SIUBM

is still high.

ies the next SIU is retrieved from SIUBM by sending a READ

command.

3 the defect number component of the SIU is used to select

the corresponding area of RAM

4. the pp/cd component is tested to determine if it is

the terminator of a defect or not.

a) defect terminated: the defect is classified by executing

the MIN-DIST subroutine, described in par 9.4.2; finally, the

CLASS of the defect is transmitted to the output

b) defect not terminated: the variables which store the

distances from the current defect (string) to each pattern

language are updated as follows:
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- the pp/cd pair is encoded according to its significance

for the corresponding language, as described in par 6.6.3

(subroutine IDSPEX) .

- the distance from the string to the language is computed

by executing the UPDATE subroutine, described in par. 9.4.3.

9.4.1 Selection of the microcomputer configuration

The micyocomputer model which has been selected for

developing the ideas presented into a specific structure is the

INTEL WC-3000, for the following reasons:

ie it is a fast, bipolar microcomputer

2s it is a microprogranmed computer, which allows for

development of custom-oriented instructions.

3. it has a N-bit word expandable multibus organisation.

The configuration of the computer will be determined.

considering the set of parameters which are required by the present

application:

1. number of classes: Nqy, = 8

De mutber of states/FSA: |Q, | = 10

Be number of pattern primitives: | pp |=8

a number of cermposition descriptors: | ca | =8

Ss number of syxbols/class: [sae =8

6. maximum number of defects which must be treated

simultaneously: NMDEF = 25

These consicerations lead to a microcomputer configuration

as shown in fig. 9.7, which is based on the following specification
s:
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1. ‘The RAM stores the current distances from strings to

languages; these are small, positive integers in the range O - 127 for

FSA with [2 | = 10 states. Since both the old and new values

must be stored for | 2% | = 10 states and NDMAX = 25 defects, the

capacity required is 500 words of 6 - 8 bits.

2. ‘The ROMs store three different tables, namely:

a. the po/cd pair encoding table, requiring }Pe| [24 |- [Nox |=

5.2 words of log, ol = 3 bits or 256 words of 6 bits

b. the V(T,S,c) table, storing |o,|?-(24al= 512 words of

minimum 6-8 bits.

c. the defect number to memory address conversion table,

requiring NMDEF = 32 words of 6-8 bits.

Since the microcomputer is intended to perform

exclusively as a classifier and the program must be nonerasable,

additional ROM capacity is also necessary for storing the program

and other constants. The final memory configuration can be

estimated at 512 x 8 RAM and 1536 x 8 ROM, a total of 2078 words.

This implies a 1l-bit address and hence 6 CPE's are needed to enable

direct access of the entire memory. A 6 x 2 =12 bit CPE is

also adequate for performing all .arithmetic computations in

parallel.

9.4.2. Implementation of the MIN-DIST subroutine

The function of this subroutine can be regarded as the

direct computation of rel. (6.7), over a number of classes Nop: In

order to distinguish between final and non-final states, bit 8 of

all RAM locations is used as a flag (1/0, respectively), since 7 bits
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are adequate for representing the distances. This solution is

advantageous since it reduces the classification process to a

sequential search through the RAM for the minimum distance to a

final state, and the corresponding state will therefore define

the class of the string. The flowchart of this subroutine is

represented in fig. 9.8 in terms of microcomputer operations and

uses the following notations:

NRCL - number of classes

NCL - current class

NRST(i) - number of states of class i-acceptor

ADR - current address in the memory area reserved for

the defect being classified

LADR ~ transition address from a class to another in the

memory area

MIN - current value of minimum distance

MAX - constant 11111111

CLASS - class corresponding to state which defines MIN

distance

9.4.3 Implementation of the UPDATE subroutine

This subroutine performs the operations required to update

rel. (6.6) for a new SIU, represented by the symbol c corresponding

to the encoded primitive/descriptor pair. The flowchart shown in

fig 9.9 describes the execution of the subroutine as a sequence of

microcomputer operations; the notations are as in par 9.4.2.
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9.5 Estimation of speed parameters

Since the computation time is an essential feature in the

present case, it is necessary to make quantitative estimations on

the requirements imposed on the classifier by the system

parameters.

Trigger samples are generated at a frequency in the 1-5

MHz range. The pattem description block described in par. 9.1

can be realized as a relatively simple network of TTL MSI circuits

and therefore is capable of operating at frequencies higher than

1 MHz.

A typical dimension of the capture window in the

transversal direction is 15 trigger samples, which corresponds to

als t s interval. If the pattern description block operated

autonomously and SIUs were generated continuously, the time

available for processing completely one SIU would be 15 a In

general, the time available is much longer, because scan sections

are encountered at a lower rate:

ies it can be assumed that most scans do not contain defects,

otherwise there is a major fault in the production process.

2. when defects Go occur, normally only one defect is

encountered during each scan.

3. situations in which more than 3 defect sections are

encountered during one scan are rare.

It is not justified economically to design a system vhich

is capable of operating stationary at a rate dictated by the worst

conditions. The important factor is to process the defects in the
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average time available and therefore the solution adopted was to

introduce’ 4n asynchronous buffer memory between the description

block and the classifier.

The number of trigger samples generated during a complete

scan is about 1,000, which gives a 0.2 msec interval between

successive scans, for a 5 MHz sampling frequency. If one estimates

that on the average 10% of the scans contain one scan section

resulting from a defect, the average time available for processing

one scan section, or SIU, is

T, = 2 msec (9.1)

On the other hand, the time complexity of the

classification algorithm can be computed by applying rel (6.16) to

the multi-class case hoch

te =a2p af a/ (9.2)

ib

which represents the number of times the relation (6.6) must be

computed, for one SIU.

The value of To can be evaluated for a typical situation,

characterised by Noy = 8 and average | HW = 10, in which case

To = 800

A preliminary =veluaticn indicated that the number of

computations involved in the classification algorithm is too high

to be implemented in a MOS microcomputer. However, further

investigations showed that a fast bipolar microcomputer, for

example INTEL WE 3000, meets both the speed and cost requirements.
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The time required to perform the computations involved

in evaluating rel. (6.6) can be determined with approximation by

analysing the flowcharts which describe this process as a

sequence of microinstructions. It is convenient to define three

cycles in the microprogram which performs these microinstructions

(see flowcharts in fig. 9.6 and 9.9).

de the main cycle (Ty)? retrieves the next SIU and detects

whether it indicates the end of a defect or not.

2. the class-cycle (Toc) ? computes the distance fran the

current string to a pattern class

3. the state-cycle (Tg) : computes the distances frem the

current. string to all the states of an acceptor.

The main perameters of the microcomputer respect to

the speed of operation are the microinstruction cycle (t5Q) and

the random access memory cycle (t 0) , Which are specified in fs}

and [20] : ty, = 150 ns and t,, = 450 ns. The actual computation

time can therefore be determined by following the operations shown in

the flowcharts and counting separately the occurrences of these two

types of operations:

Ty = 4tio t+ ty tg th (9.3)

Too = 3 tig + Ty (9.4)

TyppaTE ee (9.5)

Teo = Sees (9.6)

By substituting in (9.3) - (9.6) the parameters:

ty, = 150 ns, ty, = 45 ns, Jo, | = 10, Ng, = 8, the duration of

the main cycle thus obtained is shown to be shorter than the time

available
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Tyo *® lm <1, & 2 ms

The calculations presented are based on the assumption

that all aC basic operations are performed serially. The WF - 3000

microcomputer exployes a N-word expandable multibus which could

be used for processing in parallel Noy, basic operations. The time

complexity can be therefore reduced almost NG, times, but this

solution is justified only for more complex applications, since

it increases the cost of the hardware by the same factor.

Additional to the SIU processing time, there are other

computations which have not been considered in the preceding

discussion. The most important is the actual Clessification time,

which can be computed by examining the flowchart shown in fig. 9.8;

the value obtained (cops) is negligible when considering its

contribution to the average SIU processing time.

9.6 Conclusion

The architecture of the syntactic pattern recognition

system which has been developed in this chapter meets the speed

requirements of the present application. The hardware involved

consists mainly of a fast 8 bit word microcomputer, a RAM buffer

and a network of the TIL - MSI circuits. Although the design

has not been worked out in detail and the evaluation of the

computation time is approximate, the conclusion is that the

structure suggested in this chapter is technically feasible.
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10 , CONCLUSIONS

The thesis presents the results of a theoretical and experi-

mental study on the application of syntactic pattern recognition to

the classification of dynamically changing two-dimensional patterns.

Existing theoretical methods have been adapted and extended into a

unitary syntactic pattern recognition system which incorporates

original contributions needed to satisfy the specific requirements

of this type of application:

1) development of a language for the description of two-

dimensional defects which is suited for on-line processing;

2) formulation of an efficient algorithm for the inference

of a grammar which approximates a given language;

3) generalization of a simple classification algorithm based

on the concept of syntactic distances, which reduces the errors due

to the approximations of the languages.

A set of programs written in FORTRAN has been developed for

performing a detailed analysis of the syntactic pattern recognition

system in computer simulation.

The validity of the theoretical methods developed in the

thesis has been tested on a data base of real defects, acquired using

an automated data gathering system designed and constructed as part

of the research programme reported in the thesis. The experimental

results obtained in computer simulation using this data base show

that the syntactic classifier provides an acceptable recognition

performance, of about 70 - 80% correct classifications.
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A hardware implementation of the proposed system is outlined

and shown to be econanical and capable of operating within the speed

requirements of on-line applications.

The performance of the present system can be improved by

incorporating a certain number of refined techniques which are open

to further investigation:

1) improved clumping algorithms for a better defect delinea-

tion;

2) extension of the theoretical methods to incorporate addi-

tional information provided by analog data and off-specular video-

prints;

3) generalization of the concept of MNEO distance to include

statistical properties of the languages;

4) execution of the grammar inference algorithm in a inter-

active mode, using a graphic display.

The syntactic pattern recognition system developed in the

thesis represents a general framework in which these refinements

can be accommodated to improve the recognition performance, without

substantial increases in the complexity or reductions in the speed

of operation.

The theoretical principles underlying the operation of the

system are intended to be general, but the final decision on the

feasibility of its application will depend on the nature of the

problem and the structural properties of the defects to be classi-

fied. ss sik
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APPENDIX I

VIDEOPRINSS OF TINPLATE SHEETS
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