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ABSTRACT 

Automated visual inspection involves complex image 

processing and analysis. Representation of images in 

syntactic form facilitates parsing of images so that 

defects can be identified as syntactical errors in the 

same way that programming errors are detected by a 

language parser. The syntactic approach for image 

processing uses image grammars to describe images and a 

parser to recognize images. A problem with the syntactic 

approach is that the conventional grammars are too formal 

to handle uncertainty caused by various noise and pattern 

distortions in images. 

In this dissertation, a fuzzy grammar based on fuzzy 

set theory is investigated for automated visual 

inspection. A fuzzy context-free grammar is defined and 

applied for inspection of VLSI circuit patterns. This 

dissertation contributes to syntactic analysis of images 

by enhancing descriptive power of grammars to handle vague 

descriptions of images. 
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CHAPTER I 

INTRODUCTION 

Product inspection is an important step in a high-

volume production system such as IC manufacturing. Because 

product reliability is of utmost importance, 100% inspection 

of all parts, sub-assemblies, and finished products is often 

attempted. Visual inspection of wafers during IC manufac

turing is a non-contact and non-destructive method whereas 

most other types of inspection techniques such as electrical 

tests and chemical analyses are either destructive or need 

contact with the objects to be inspected, which may cause 

other defects. Cosmetic defects which pass the electrical 

test, but cause long-term operating failures in the field, 

can also be detected by visual inspection. 

Current visual inspection of wafers largely relies upon 

human inspectors whose performance is generally inadequate 

and variable. As VLSI circuit patterns become more complex 

and feature size smaller, it will be more difficult to train 

humans to perform reliable visual inspection. Automation of 

visual inspection is an obvious alternative to the human 

inspector, especially when 100% inspection is required. 

Automated visual inspection requires complex image 

processing techniques. Making a machine analyze and under

stand images is so complex that in spite of extensive 

research in this area, no general solution has been 



developed that can be applied to the wide range of practical 

problems. Image processing techniques that have been 

studied in the pattern recognition literature can be 

classified into two categories: statistical and structural. 

The statistical approach extracts features from images, 

constructs feature lists or vectors and compares them with 

the known object classes stored in the computer, trying to 

find the best-fit according to certain criteria [2, 11, 12]. 

This technique is often used in global image analysis where 

local variations can be ignored. In visual inspection, many 

defects are described as local variations of images and the 

variance in statistical properties of images may obscure 

local defects. 

The structural approach extracts simple and easily 

recognizable local image segments from the images and 

constructs more complex image segments according to certain 

rules which describe the relationships among the image 

segments [11]. When a large amount of structural informa

tion about image segments is available and detailed struc

tures of images are required, as in the case of visual 

inspection, then the structural approach appears to be 

better than the statistical approach. The structural infor

mation of images can be described syntactically using an 

image grammar. If images are represented syntactically, 

they can be parsed so that defects in the images are 



identified as syntactical errors in the same way that 

programming errors are detected by a language parser. 

A major problem with the syntactic approach is that the 

grammars used to describe the structures of conventional 

programming languages are, in general, too formal to handle 

uncertainties in images caused by various sources of noise. 

In this research, a fuzzy context-free image grammar based 

on fuzzy set theory is investigated for automated visual 

inspection. In chapter two, current techniques in image 

processing and automated visual inspection are described. 

Problems in current techniques are also specified in chapter 

two. A fuzzy image grammar and a parsing technique as an 

inspection process are proposed in chapter three. Chapter 

four discusses application issues of the fuzzy grammar for 

automated visual inspection. Chapter five concludes the 

dissertation along with recommendations for further 

research. 



CHAPTER II 

BACKGROUND TO RESEARCH 

Recent advances in computer vision coupled with a 

demonstrated need for automated visual inspection of elec

tronic circuits has resulted in increased interest in devel

oping inspection systems for the industrial market. 

Increased levels of research into the imaging and image 

processing problems associated with automated inspection of 

electronic circuits has resulted in the solution of many 

difficult problems [5, 13, 21]. The availability of power

ful, cost-effective computer vision hardware and appropriate 

software support systems has brought the implementation of 

many of these solutions within the limits of today's 

technology. These advances in both hardware and software 

promise to make computer vision an important part of the 

equipment that a manufacturing engineer can use to improve 

quality and increase yield in all phases of electronic 

circuit manufacturing. In this chapter, the current status 

of image processing and automated visual inspection techni

ques are discussed, and problems in current techniques are 

specified. 

Image Processing Techniques 

Automated visual inspection involves the analysis of 

images scanned, digitized and stored in a computer by means 



of various devices such as optical or electronic 

microscopes, cameras, and digitizers. The goal of image 

processing and analysis systems for automated visual inspec

tion is to draw meaningful descriptions of physical objects 

to be inspected from the raw image data. To achieve this 

goal several steps are usually required for the image pro

cessing system as shown in Figure 2.1. 

Scanned and digitized images which are usually encoded 

in two-dimensional array formats are enhanced in the pre

processing stage. Digital signal processing techniques such 

as filtering, histogram analysis, and other transformations 

are useful at this stage. The reasonably good quality 

images are then segmented into sub-images with similar 

features based on certain criteria. Edges or boundaries, 

shapes, lines, vertices, line intersections, gray levels or 

colors, and textures are useful features for image segmenta

tion. There is no universal method of segmenting an image 

into sub-images. Different types of sub-images can be 

useful depending on the types of description that are 

required. Characteristic feature thresholding and cluster

ing, region growing based on region splitting and merging, 

and edge detection are frequently used techniques for image 

segmentation. 

Once images are divided into segments, each segment is 

represented using a set of descriptors. At this stage 

images are represented in high-level formats other than raw 
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pixel intensity data. According to the features and 

description techniques used to represent images, image 

analysis approaches can be divided into two classes: 

statistical and structural approaches [11]. The statistical 

approach extracts features from the scanned image, con

structs feature lists or vectors and compares them with 

known objects stored in the computer, trying to find the 

best-fit according to certain criteria [2, 11]. A measure

ment function such as maximum likelihood or least squared 

error may be used to determine similarities between extract

ed features and reference images. Selecting a proper set of 

features depends on application areas and usually requires 

heuristic knowledge about images under study. 

The structural approach extracts simple and easily 

recognizable image segments from the scanned images and 

constructs more complex image segments according to certain 

rules which describe the relationships among the image 

segments [11, 14]. This process can be repeated recursively 

constructing a tree-like image hierarchy. This is similar 

to the syntactic analysis of a conventional programming 

language which generates a parse tree from an input program. 

The lowest level image segments, called image primitives, 

and all other image segments in the image hierarchy deter

mine the set of symbols used in an image grammar. Produc

tion rules describe structural relationships among these 

symbols. 
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There is no clear boundary between statistical and 

structural approaches. There are many image processing 

techniques commonly used in both approaches such as image 

filtering and enhancement in the preprocessing stage. 

Various statistical pattern recognition techniques are also 

used to find image primitives in many structural approaches. 

When a large amount of structural information about image 

segments is available and detailed structures of images are 

needed, as in the case of inspection, then the structural 

approach appears to be better than the statistical approach. 

Moreover, techniques developed in formal language theory 

such as properties of grammars and parsing processes can be 

readily applied to the image grammar and parser. A VLSI 

circuit pattern is a good example of a hierarchically struc

tured image. 

Current Techniques in Automated 
Visual Inspection 

Visual inspection is a non-contact and non-destructive 

method, whereas most other types of inspection techniques, 

such as electrical tests and chemical analyses, are either 

destructive or need contact with the objects to be inspect

ed, which may cause other defects. Sometimes it is the only 

applicable method to inspect products in-process which are 

not completed. Cosmetic defects which pass the electrical 



9 

test, but cause long-term operating failure in the field, 

can also be detected by visual inspection. 

The electronics industry is investigating a wide 

variety of computerized visual inspection methods because 

significant technological advances in design and production 

of electronic assemblies have increased the speed of produc

tion, while greatly reducing physical size. Such production 

advances have greatly complicated present inspection pro

cesses. While the patterns are composed of simple parts, 

people have great difficulty inspecting for defects in the 

patterns. In fact, as the feature sizes become smaller, and 

the circuits more dense, manufacturers are finding that 

people cannot be trained for reliable visual inspection. 

Automated visual inspection is a feasible approach to re

place human inspectors. 

Some studies describe the need for industrial automa

tion and show general acceptance among manufacturers that 

automated systems will increase productivity and improve 

product quality. Advantages of automated inspection include 

[4, 34]: 

1. Free humans from dull and routine tasks, 

2. perform inspection in an unfavorable environment, 

3. reduce defects caused by human intervention, 

4. reduce demands for highly skilled human inspectors, 

5. save labor cost, 

6. accumulate knowledge about defects and inspection. 
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7. provide inspection results for statistical analysis 

and management decision, 

8. perform fast and accurate inspection, and 

9. provide more reliable, 100% inspection. 

Automated visual inspection techniques that have been 

used in many manufacturing processes can be divided into two 

categories: signal processing-based and model-based. 

Inspection techniques based on signal processing work by 

correlating intensity values of original or enhanced 

portions of the scanned images against the reference image. 

In VLSI manufacturing, for example, the image of one die can 

be compared with the image of another die (die-to-die 

comparison) on the same wafer. Most random defects, which 

have very low probability of occurring on the same place on 

different dice, can be detected by comparing images of two 

dice of the same wafer. When a mismatch between images is 

found, one of those images is compared with the third die 

image to determine which die is defective. Since scanned 

images usually contain various noise and pattern distortions 

and some features are not the same for each die, they cannot 

be compared pixel by pixel. Still, some kind of similarity 

measurement criteria are needed. This method is useful to 

only pass/fail type inspection because detailed information 

about defects cannot be obtained. Systematic defects such 

as mask-oriented defects that occur in all the dice on the 
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wafer cannot be detected by the die-to-die comparison 

method. 

If the scanned image is compared with the perfect 

reference image, both random and systematic defects can be 

detected. The reference image is usually described using a 

set of known image object models and recognition involves 

matching the input image with the predefined models [3, 8, 

19, 28]. The features most frequently used to describe 

image models are boundaries and geometric measurements 

derived from boundaries. These features can be categorized 

into two types: global and local features. Global features 

include perimeter, texture, topological features such as 

Euler number, area, eccentricity, compactness, and moment of 

inertia. Local features include line segments, arc segments 

with constant curvature, intersections, and corners. Models 

using global features are usually associated with statisti

cal image processing and models based on local features are 

usually associated with syntactic or structural image 

processing. 

Model-based inspection systems not only can detect 

repetitive systematic defects but can also identify types of 

defects. This is very important for the systems which 

feedback information about defects so that processes respon

sible for the defects can be adjusted. But this method 

requires quite complex, time-consuming image processing 

techniques. 
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Problem Specification 

Visual inspection provides a specific problem domain 

where local variations of images are more important than 

global image features. It is not possible to apply some 

statistical tests on an entire image and hope to detect any 

local defects, since the variance in the statistics would 

obscure local defects. Structural image analysis appears to 

be necessary to analyze local variations. 

One method to describe structural information of images 

is to represent images as graphs [10]. Nodes in a graph 

correspond to image segments and links between nodes 

describe the relationships between image segments. This 

method, however, needs a complex graph matching algorithm 

which is known to require exponential processing time [16]. 

When the image contains a large number of image segments, 

this method would be too slow to be applied to a real-time, 

in-process visual inspection. 

If an image can be represented in a tree-like hierar

chical structure, a grammar can be used to describe the 

image. Symbols used in the grammar denote image segments 

and productions describe relationships among them. Then, 

scanned images can be parsed according to the grammar and 

defects can be identified as syntactical errors in the same 

way that programming errors are detected by a language 

parser. Moreover, well developed techniques in formal 

language theory can be directly applied. 
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A major problem with the syntactic approach is that the 

grammar is, in general, too formal to handle the situation 

in which boundaries between image classes are not clear or 

relations among image segments are vague and cannot be 

described precisely. This situation occurs frequently in 

noisy image processing and when the inspector deals with 

imprecise specifications of defects. Several approaches 

using modified grammars, such as a stochastic grammar which 

use a probability value for each production rule, are pro

posed [11]. When vagueness or ambiguity comes from impre

cise knowledge rather than randomness, and images are so 

complex that it is very difficult to calculate the probabil

ity for each production rule, a stochastic grammar cannot 

solve the problem. In the following chapter we propose a 

modified grammar based on fuzzy set theory to handle complex 

noisy images and imprecise knowledge about defects. 



CHAPTER III 

A FUZZY GRAMMAR FOR AUTOMATED 

VISUAL INSPECTION 

As we described in the previous chapter, the structural 

analysis of images appears to be a proper approach if de

tailed structures of images are required, as in the case of 

inspection. The structural information of an image can be 

described syntactically using an image grammar. The problem 

with this approach is that the conventional grammars are 

generally too formal to handle uncertainties and ambiguities 

in noisy images. For example, an edge can be represented as 

a repetition of line segments using a conventional grammar; 

but it is not easy to incorporate the concept that line 

segments should be in an "approximately" same direction or a 

"significant" deviation from a line is an arc. In this 

chapter we describe image grammars and basics of fuzzy set 

theory, and investigate an extension of image grammars to 

fuzzy grammars for automated visual inspection of wafers 

during IC manufacturing process. 

Introduction to Formal Grammars 

Formal grammars provide facilities to describe the 

structure of languages mathematically. The initial study of 

the formal grammars was intended to understand the basic 

properties of natural languages [6]. The findings in the 

14 
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formal language theory were then applied to programming 

languages which enabled the investigation of languages from 

the theoretical point of view instead of by heuristic 

approaches alone. During the past two decades various kinds 

of grammars have been proposed and their properties inves

tigated along with a class of recognition devices with 

automata structure. 

A grammar with a set of rewriting rules is a powerful 

tool to describe the structure of languages and can be 

applied to describe the structure of images [11]. A large 

set of complex images can be described using a small set of 

image primitives and recursive grammatical rules. From a 

perfect reference image of a circuit pattern, sets of image 

primitives and grammatical rules are derived. Defects, or 

significant departures from the reference image, can be 

identified as syntactic errors in the similar way that 

programming errors are detected by a language parser. 

The syntactic method of handling images takes advan

tage of an analogy between the structure of image segments 

and the syntax of languages. Figure 3.1 shows a picture of 

a house. In Figure 3.2, (a) and (b) show the structures of 

an English sentence and a C program, respectively. Figure 

3.2(c) shows the structure of a picture as shown in Figure 

3.1. The hierarchical structure of an image as shown in 

Figure 3.2(c) can be represented syntactically using an 

image grammar. 
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Figure 3.1 A Picture of a House 
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In formal language theory a grammar G is represented as 

a quadruple (V,, V̂ , P, S) in which [24]: 

1. V̂  is a finite set of non-terminal symbols or non

terminals and VT is a finite set of terminal symbols or 

terminals. The union of V„ and V̂  is a set of all symbols 

used in the grammar G and V̂  n V̂  = (p. 

2. P is a finite set of productions or rewriting rules 

denoted by a -̂  6, where a and R are strings over V„ or V̂  and 

a has at least one non-terminal symbol. We call a and 6 the 

left side and right side of a production rule, respectively. 

3. S is the starting symbol (S e V̂ ) . 

Notations 2* and E" are used to represent zero or more 

repetitions and n repetitions of the string S, respectively, 

where the string S consists of symbols defined in a grammar. 

Following the above definition and notations, grammars to 

describe the structures shown in Figure 3.2 can be defined 

as shown in Figure 3.3. 

The language generated by a grammar G, denoted as L(G), 

is a set of all strings that can be generated by repeated 

applications of the productions in G. In natural languages, 

the problem of ambiguity often arises. One sentence may 

have several completely different meanings according to 

different ways of parsing it. A formal grammar G is said to 

be ambiguous if there is a string x in L(G) which has more 

than one way of parsing. Ambiguity in image grammars is 
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Gi = (V,, V,, P, S) where 

VT = { The, man, walks, slowly ) 
V̂  = { <sentence>, <noun-phrase>, <verb-phrase>, 

<article>, <noun>, <verb>, <adverb> ) 

P = ( <sentence> -^ <noun-phrase> <verb-phrase>, 
<noun-phrase> -* <article> <noun>, 
<verb-phrase> -»• <verb> <adverb>, 
<article> -̂  The, 
<noun> -̂  man, 
<verb> -»• walks, 
<adverb> -> slowly } 

S = <sentence> 

(a) A Grammar for an English Sentence 

G2 = (VT, V^, P, S) where 

VT = ( "main", "(", " ) " , "(", " ) " } 
VN = { <program>, <function>, <header>, <body>, 

<name>, <parameter>, <compound statement>, 
<parameter list>, <statement> } 

P = ( <program> -»̂  <function>^, 
<function> -* <header> <body>, 
<header> -^ <name> <parameter>, 
<body> -*• <compound statement>, 
<name> -• "main", 
<parameter> -^ "(" <parameter list>* " ) " , 
<compound statement> -• " (" <statement>* " } " 

} 

S = <program> 

(b) A Grammar for a C Program 

Figure 3.3 Grammars for the Structures shown in 
Figure 3.2 
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G3 = ( V T , VJ,, P , S ) w h e r e 

•\J — f l l_» . l l l l ^ l l II I II 114,11 H II II II I 

VN = ( <picture>, <house>, <roof>, <wall>, 
<frame>, <window>, <door>, 
<triangle>, <rectangle> } 

P = { 
<picture> -* <house>, 
<house> -*• <roof> <wall>, 
<roof> -»• <triangle>, 
<wall> ->• <frame> <window> <door>, 

<triangle> -* " " "-̂ " " ", 
<frame> -̂  <rectangle>, 
<window> -̂  <rectangle>*, 
<door> -»̂  <rectangle>, 
<rectangle> ->• "-̂ " "I" "^" "t" 

} 

S = <picture> 

(c) A Grammar for a House 

Figure 3.3 (Continued) 
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clearly not desirable and should be avoided unless some 

conventions to handle it are provided. 

Ambiguity in grammars comes from several different 

choices of productions in deriving a string. Therefore, 

some restrictions on productions are required to define a 

family of unambiguous grammars. According to the restric

tions imposed on productions, grammars can be classified 

into four types as follows [7]: 

1. Type 0 or unrestricted grammar: No restriction. 

2. Type 1 or context-sensitive grammar: Productions 

have the form xAy -̂  xBy where A e V̂ , x, y, B e (V„ U V^)*, 

and B is not an empty string. This can be interpreted as "A 

can be replaced by B in the context x, y." 

3. Type 2 or context-free grammar: The left side of a 

production consists of a non-terminal symbol and the right 

side consists of any number of terminal or non-terminal 

symbols. 

4. Type 3 or regular or finite-state grammar: The left 

side of a production consists of a non-terminal symbol and 

the right side consists of any number of terminal symbols or 

any number of terminal symbols followed by a non-terminal 

symbol. 

The type 0 grammar is too general to be useful, and the 

problem of whether a particular string is generated by this 

type of grammar is generally undecidable. It is clear from 

the above definition that every regular grammar is context-
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free and every context-free grammar is context-sensitive. 

That means all languages that can be generated by regular 

grammars can also be generated by context-free grammars but 

not vice versa. Grammars shown in Figure 3.3 are context-

free according to the above definition. 

Grammars describe languages from the viewpoint of 

language generation. An alternative way of describing a 

language is in terms of the set of strings that are accepted 

by a certain recognition device. In formal language theory 

it is proved that for each grammar G, we can build an auto

maton (a finite-state automaton for a regular grammar and a 

push-down automaton for a context-free grammar) which 

accepts the language generated by the grammar G [22, 23]. 

Therefore, the two ways of describing languages are equival

ent and we will concentrate on image grammars (instead of 

equivalent recognition devices) to describe images. 

The productions used in a grammar provide a powerful 

tool to describe the structure of language precisely. For 

example, edges which consist of consecutive line segments 

can be described easily using productions as shown in 

Example 2.1. 

Example 2.1 Syntactic representations of edges 

Non-terminal : <edge> 
Terminal : <line> with unit length 

(a) an edge with any length 
<edge> -*• <line>* 
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(b) an edge with length 10 
<edge> -> <line>'° 

In the above example the production (a) can be interpreted 

as "an edge is zero or more repetitions of the line segment" 

and the production (b) can be interpreted as "an edge con

sists of exactly ten line segments." 

The main difference between conventional string 

grammars and image grammars is that strings used in conven

tional string grammars are one-dimensional whereas images 

are usually two-dimensional. The image grammar shown in 

Figure 3.3(c) does not specify the two-dimensional relation

ships among image objects. Several variations of the con

ventional string grammars, such as tree or web grammars, are 

proposed in [11, 14] to describe relationships among image 

segments in two-dimensional space. Syntactic analysis 

techniques which are well developed in formal language 

theory cannot be applied directly to these grammars. 

The two-dimensional structure of images may be describ

ed using conventional grammars with some special two-

dimensional operators and/or semantics of languages. 

Examples of two-dimensional operators include left-of, 

right-of, above-of, below-of, included-in, and part-of. 

Semantics of a grammar can be described using a set of 

attributes attached to each symbol used in the grammar. The 

formal specification of the attribute grammar can be found 
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in [23]. We will discuss more about the attribute grammar 

later. 

Fuzzy Set Theory 

A set is a collection of objects with a common feature. 

The power of set theory is that it allows us to deal with 

many as one without bothering too much about individual 

differences. When we define the set of mountains, we usual

ly do not care about their heights. All mountains are in 

the set of mountains as long as they have the property of a 

mountain. 

In classical set theory an object may or may not be a 

member of a set; the membership of an object in a set can be 

either "true" or "false." In other words, a set or, more 

precisely, a subset of a given universal set U can be iden

tified with a binary valued function fA:U -»• {0, 1}, called 

its characteristic function, which is defined as: 

:

1 if X e 

0 if X ^ 

if X e A 
fxCx) 

A 

If an object is considered to be an element of a certain 

set, then its membership value is 1, which is the same with 

all other elements in the set regardless of its property. 

In many practical applications, membership of an object 

in a set cannot be described using only binary values. If 

we consider heights in defining the set of mountains, then 
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the first observation would be that not all mountains are 

equal. All mountains are mountains, but there are mountains 

more mountainous than others. Thus, the collection of 

mountains is not exactly a set where all elements are the 

same. This observation led mathematicians working on modern 

algebra to investigate the idea of a generalized set where 

not all the elements are the same [25, 38]. 

At almost the same time, the concept of a fuzzy set was 

investigated in engineering to solve very practical problems 

in pattern recognition. Zadeh suggested that the applica

bility of the classical set theory can be extended by allow

ing the membership value in a set to be any numbers between 

0 and 1 [38]. Since then, the fuzzy set theory has been 

studied extensively for more than twenty years as a model 

for inexact, vague statements about the elements of an 

ordinary set and applied to solve problems in many different 

areas [18, 20, 25, 35, 38]. 

Consider the set "young men" or "approximately straight 

lines." There is no crisp boundary between members and non-

members in a collection of objects. Since there is undecid-

ability about membership and non-membership and nothing 

random in the concepts, it is not tractable by the methods 

of classical set theory or probability theory. The basic 

idea of a fuzzy set, also associated with the term "graded 

membership," is very simple. Since there is undecidability 

concerning membership and non-membership, one can consider a 
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function the values of which are in the unit interval [0, 1] 

instead of just 0 and 1. Such a function measures the 

degree of membership and called a membership function. Let 

U denote the collection of all elements under consideration. 

A fuzzy subset A in U is identified by the membership 

function 

M.;,:U ̂  [0,1] 

defined such that for any element x in U, [i^{x) is a number 

in the closed interval [0,1] indicating the degree of 

membership of x in A. 

When U is finite, a membership function may be given in 

tabular form; but when U is very large or infinite as in the 

case of many practical situations, an algorithm to assign 

membership degrees is required. For example, let L be a 

fuzzy set of line segments with length 1 which are "approxi

mately straight." Then the membership function M-L Î Ŷ be 

defined as: 

1 - (2d/l)\ d < 1/2 

0, otherwise 

where the positive number d is the maximum deviation from 

the straight line connecting two end points. \i^ is just one 

example of many acceptable membership functions for L which 

have the following properties: 

1) 0 < nJx) < 1 

2) pLi,(x) -̂  1 as d -̂  0 and 

3) |J.L(X) -• 0 as d becomes larger. 

M.L (X) = 
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Properties of a fuzzy set are discussed in detail in 

[38]. Here we introduce basic definitions and properties of 

fuzzy set operations. 

Definition 1: Intersection 

The intersection of fuzzy sets A and B, written A n B, 

has a membership function 

ÂAnB(x) = min[|ijx), [i^{x) ] 

where "min" denotes the minimum of the two membership 

degrees. 

Definition 2: Union 

The union of fuzzy sets A and B, written A U B, has a 

membership function 

M.AUB(X) = max[M.Jx), |1B(X)] 

where "max" denotes the maximum of the two membership 

degrees. 

Definition 3: Complement 

The complement of a fuzzy set A, written as A', has a 

membership function 

Î̂ ,(x) = 1 - M.A(X). 

Definition 4: Relation 

A fuzzy relation between the elements of two fuzzy sets 

A and B is a membership function 
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M.:A X B -* [0,1] 

which assigns to each pair of elements (a,b), a in A and b 

in B, a number M.(a,b) in the closed interval [0,1] which 

indicates the degree to which a is related to b. 

It is clear that every ordinary subset of X, called a 

crisp set in this context, is also a fuzzy subset of X and, 

therefore, concepts and properties related to fuzzy sets 

constitute a generalization of the corresponding concepts 

and properties related to ordinary sets. The operations on 

fuzzy sets have many properties that are similar to the 

properties of the classical set operations such as associa

tivity, commutativity, and distributivity [38]. An essen

tial difference between the fuzzy set and the ordinary set 

is that the characteristic function of the subset A of X 

forms a Boolean algebra in the sense that the complement 

satisfies 

A n A' = (p and A U A' = X, 

whereas the membership function of the fuzzy subset A of X 

has a more general property that 

A n A' 7̂  0 and h U A' f 1. 

The only information that we have is 

A n A' < 1/2 and A U A' > 1/2. 

Thus, fuzzy sets do not form a Boolean algebra and the 

concept of fuzzy set is a non-trivial generalization of the 

concept of ordinary set. 
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A Fuzzy Context-free Grammar 

Most VLSI circuit patterns largely consist of straight 

lines which can be described using simple line segments. In 

practical situations, digitized images are much more complex 

because of noise and pattern distortions from various 

sources. Even with very good image enhancement and edge 

detection algorithms, most lines in real images will not be 

exactly straight. To use a grammar to represent images, 

certain criteria to specify to what extent an edge can be 

considered as a straight line should be determined and 

explicitly described in the grammar. 

The concept of fuzzy set theory can be incorporated 

into grammars to specify fuzziness in image objects. For 

example, let <line> be a representation of a line segment 

with unit length and <edge> be a representation of a 

straight line with length approximately 10. The <edge> can 

be considered as a fuzzy set the element of which is a 

sequence of line segments. Productions as shown in Example 

3.1 may be used to describe the <edge>. 

Example 3.1 Productions to describe a fuzzy line 

1.0 
10 <edge> ^ <line> 

0.9 

<edge> • <line>' 
0.9 

<edge> * <line>^' 
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The number used in each production in Example 3.1 specifies 

the degree of membership of a certain number of consecutive 

line segments to the fuzzy set <edge>. The degree of 

membership is related to the number of line segments and can 

be given in tabular form as shown in Table 3.1. An alterna

tive production which uses a function on the number of line 

segments may also be defined as 

f(n) 

<edge> »̂ <line>" 

where f(n) = exp[-(n - loy/o^], 0 < n < « and a is a 

constant. The function f(n), as shown in Figure 3.4, is 

similar to the normal distribution function with mean 10 

except that the integration of f(n) from zero to infinity is 

not one and f(10) = 1. 

A grammar which uses the same production type used in 

Example 3.1 is a regular grammar as modified grammars based 

on fuzzy set theory proposed in [20, 35]. Image classes 

which can be recognized using regular grammars are so limit

ed that they cannot be applied in many practical situations. 

For example, the relationship among composite image segments 

cannot be described using a regular grammar because the 

right side of a production cannot contain more than one non

terminal symbol. An extended grammar, a fuzzy context-free 

grammar or FCFG, is proposed to handle more complex image 

classes. 
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Table 3.1 Degree of Membership 
for the <edge> 

number of line 
segments 

0. .5 
6 
7 
8 
9 

10 
11 
12 
13 
14 

1 5 . .00 

degree of 
membership 

0.0 
0.2 
0.5 
0.7 
0.9 
1.0 
0.9 
0.7 
0.5 
0.2 
0.0 

f(n) 

1 

n 
10 

Figure 3.4 A Function on the Number of 
Line Segments 
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A fuzzy context-free grammar FCFG can be represented as 

a quadruple (V,, V,, p, s) in which: 

1. V̂  is a finite set of non-terminal symbols and V̂  is 

a finite set of terminal symbols. V, the union of V« and V̂  

(VH U VT), is a finite set of all symbols used in the grammar 

G and V̂  n V̂  = (p. Each symbol X in V (X e V) is associated 

with a set of attributes A(X). One of the attributes is the 

"certainty" which can have a number in the closed interval 

[0,1] as its value. 

2. P is a finite set of productions denoted by X -• a, 

where X e V̂  and a is a string over V. Each production X ->• 

a is associated with a set of rules of the form x = f(â , a,, 

..., a„) where x is an attribute of X (x e A(X)), f is a 

function, and ai, aj, ..., â  are attributes belong to the 

symbols on the right side of the production. Every non

terminal symbol should be used in the left side of at least 

one production. 

3. S is the starting symbol (S e V̂ ) . 

The range of the function for the attribute "certainty" 

is a number in the closed interval [0,1]. We will describe 

the property of the fuzzy context-free grammar with applica

tion of the grammar to image representation. 

Grammar Symbols 

Each symbol used in the grammar represents an image 

object. An image object is an instance of a certain image 
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Class which, in turn, is an instance of another higher level 

image class. The relationship among image objects can be 

described using an object hierarchy as shown in Figure 3.5. 

Each node in the object hierarchy represents an image class. 

An image class is a subclass of all of the classes above it 

and a super-class of all of the classes below it. For 

example, the image class "Closed Region" in Figure 3.5 is a 

subclass of the image classes "Composite Object" and "Image 

Object" and a super-class of the image classes "polygon," 

"rectangle," "triangle," and "circle." 

Object hierarchy is not a part of the image grammar; it 

helps to define image grammars by providing the attribute 

inheritance mechanism. The lowest level of the object 

hierarchy consists of classes, instances of which are used 

to represent symbols in the image grammar. Each image 

object is associated with a set of attributes. Images with 

different properties can be expressed in terms of attribute 

values. All attributes of a super-class are inherited by 

its subclasses. The highest level of the object hierarchy 

is the class "Image Object" which is a super-class of all 

other image objects. It has attributes starting point (SP), 

ending point (EP), and degree of membership (certainty). 

These attributes are inherited by all image objects defined 

in the image grammar. Other attributes may be defined for 

each image object to describe its property. 
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Figure 3.5 An Object Hierarchy 
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As shown in Figure 3.5, image objects can be classified 

into two types: basic and composite images. Basic images, 

which are called image primitives, cannot be decomposed into 

sub-images. Terminal symbols in the grammar correspond to 

image primitives. A composite image consists of one or more 

basic and/or composite images. 

A set of images in a certain image class may be fuzzy. 

The attribute "certainty" associated with each grammar 

symbol specifies the degree to which an instance of image is 

a member of a fuzzy image class denoted by the grammar 

symbol. The functions to calculate certainties (fuzzy 

membership functions) for all composite images are specified 

in the attribute evaluation rules in the productions. Since 

all non-terminal symbols should be used in the left side of 

at least one production and all symbols have the attribute 

"certainty," every non-terminal symbol has at least one 

membership function. 

A composite image may be constructed in many different 

ways using different combinations of sub-images. Therefore, 

the membership functions for a composite image may be 

different when the composite image is used in the left side 

of several productions. The attributes of an image primi

tive describe its intrinsic properties. The attribute 

evaluation rules for image primitives are not specified in 

the grammar. When a string or images are formed, the 

attribute values for terminal symbols or image primitives 



37 

Should be provided. For example, a lexical analyzer or a 

primitive recognizer may use certain functions to calculate 

attribute values. An example of terminal and non-terminal 

symbols with attributes is shown in Example 3.1. 

Example 3.1 Example of Grammar Symbols 

<line> and <edge> 
Attributes: 

length 
starting point (SP) - a pair of numbers for 

X and Y coordinate values 
ending point (EP) - a pair of numbers for 

X and Y coordinate values 
direction - a number in the interval [-n, n] 
deviation 
certainty - degree of straightness, 

a number in the interval [0, 1] 
intensity 
width 

The symbol <line> may be used as a terminal symbol 

representing an image primitive. The straightness of a 

line, which is used to specify the certainty of a line 

primitive, may be defined in several ways: the maximum 

deviation, the mean squared deviation, the average and 

variance of deviation from the straight line connecting two 

end points in some normalized form. The line certainty 

function using the maximum deviation may be defined as: 

r ° ' 
inty = 

L- 1 -

0 where D > 0.5 
<line>.certai] 

4D' where 0 < D < 0.5 

where D = <line>.deviation which is defined as: 

<line>.deviation = (max. deviation) / <line>.length 
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where (max. deviation) = max(d,), i = l,2,...n, n is the 

number of points on the line, and d̂  is the distance between 

the i-th points and the straight line connecting two end 

points, the starting and ending points, of the <line> 

segment. 

An edge may be represented as a sequence of line 

segments. The grammar symbol <edge> can be used as a non

terminal which is a repetition of the terminal symbol 

<line>. Attribute evaluation rules are specified in the 

production which uses <edge> in the left side as will be 

described in the next section. 

Productions 

The semantics or the "meaning" of an image grammar is 

expressed by both its primitives and its syntactic descrip

tions. The semantic information of a composite image (non

terminal) is evaluated from the semantic information of the 

composed primitives according to each production of the 

grammar. The semantic information of a production used in 

the fuzzy context-free grammar is described in the attribute 

evaluation rules. 

The productions used in the proposed image grammar 

consist of three parts: left and right sides of productions 

and rules to evaluate attributes. The left and right sides 

of a production are separated by the symbol "-•" and the 

attribute evaluation rules are enclosed in a pair of braces 
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("{" and "}"). Subscripts 1 and r are used to specify left 

and right sides of productions, respectively, to distinguish 

the same symbol used in both sides and attributes are 

specified as A.a where A is a symbol and a is an attribute 

of A. 

The left side of a production is a non-terminal symbol 

the composition rule of which is specified in the right side 

and the attribute evaluation rules of the production. The 

attribute evaluation rules are functions on attributes of 

the symbols used in the right side of the productions. For 

example, let A, B, and C be symbols used in a production and 

a, b, and c be their attributes, respectively. An attribute 

evaluation rule for a production A -• BC can be represented 

as A.a = f(B.b, C.c). An example of a production is shown 

in Example 3.2. 

Example 3.2 An Example of a Production 

<edge>i -*• <line> <edge>r 

{ <edge>i.SP = <line>.SP 
<edge>i.EP = <edge>r.EP 

X = <edge>i.EP.X - <edge>i.SP.X 
Y = <edge>i.EP.Y - <edge>i.SP.Y 
<edge>,. length = SQRT(X' + Ŷ ) 
<edge>i. direction = tan"̂ (Y/X) 

A = <edge>r.direction - <line>.direction 
NA = |A / (7r/2)| 
D = <line>.length * sin(A) / <edge>i.length 

<edge>i.deviation = max( <line>.deviation, 
<edge>r. deviation>, 
D ) 
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<edge>i.certainty = min( <line>.certainty, 
<edge>^. certainty, 
fA(NA), 

f.(D) ) 

0, where NA > 0.5 
where f;, (NA) 

4(NA)% where 0 < NA < 0.5 
• : : • -

r °' 
D) = 

•— 1 - 4D% 

0, where D > 0.5 
f o ( ; 

where 0 < D < 0.5 

The functions f;, and f̂  used to calculate certainty of 

an <edge> are the same function defined before to calculate 

<line>.certainty. This rule can be described as "an edge is 

a sequence of line primitives which are approximately 

straight and in the same direction." Lines are assumed to 

be adjacent; it can be specified explicitly using a function 

on distance between the ending point of the <line> and the 

starting point of the <edge>r. 

The <edge> defined in Example 3.2 can be represented 

graphically as shown in Figure 3.6. The certainty function 

of the edge guaranties that the certainty of the edge cannot 

be greater than the minimum certainty of the line segments. 

This can be compared to the "AND" operation of the fuzzy set 

which is defined as: 

^Allnl2n...nln(X) = m l n [ ^ l n ( X ) , ^ i j C x ) , ..., \l,A^) ]' 

The function uses other factors such as the deviation from 

the straight edge and angles between line segments. 



41 

edge 

line line • • • • line 

Figure 3.6 A Graphical Representation 
of an <edge> 
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There is no restriction on the function which cal

culates the "certainty" except that its range should be a 

number in the closed interval [0, 1]. If a production 

describes certain relationships among image objects, then 

afuzzy relation can be considered. If a certain image 

feature is considered to be more important than others, then 

it may have larger weight in the function. If a production 

A -• BCD describes that "A consists of B and C and D," then 

the "AND" operation which is defined as the minimum of 

certainties of B, C, and D is a proper function to use. If 

the minimum operation is used in other productions which use 

B, C, and D in the left side and A in the right side, then 

the minimum value of the certainties in one level propagates 

upward toward higher level image objects (represented as 

symbols used in the left side of productions). For example, 

if an image segment is composed of edges, the certainty of 

the image segment cannot be greater than the minimum 

certainty of the edges. This property that the certainty of 

an image segment is the minimum value of its components' 

certainties is feasible for structural analysis of images, 

especially for automated visual inspection. This way if a 

component of a product contains a defect then the product is 

classified as defective. 
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Syntax Analysii=; of the Fuzzy Grammar 

Visual inspection in IC manufacturing is a process to 

check die images for image segments that correspond to 

defects. This process can be regarded as a classification 

process which classifies each die into one of the two 

classes: defective and not defective. In automated visual 

inspection using the syntactic approach, this process 

corresponds to the syntax analysis process. Syntax analysis 

techniques for conventional programming languages are well 

developed in the formal language theory. These techniques 

can be applied to parsing images without too many 

modifications. 

The grammar discussed in the previous section is used 

to describe images to be analyzed. To recognize the images 

that can be generated by the image grammar, a recognizer 

should be designed. In general, the recognizer designed for 

a particular grammar recognizes only the image patterns in 

the class corresponding to this grammar. Let I(FG) be a set 

of images generated by a fuzzy image grammar FG, and x be an 

image to be recognized. Then, the problem of recognition is 

essentially reduced to the answer to the question: 

Is X e I(FG)? 

The process that would result in an answer to such a ques

tion with respect to a given grammar is called "syntax 

analysis" or "parsing." In addition to giving an answer, 

the process can also provide the generation or derivation 
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tree of x, the structural information of the image to be 

recognized. The process for syntax analysis of images is 

illustrated in Figure 3.7. 

In conventional programming language parsing, the 

answer to the above question can be given as "yes" or "no" 

as the inspection process "accepts" or "rejects" the product 

under inspection. A property of the fuzzy grammar is that a 

set of images I(FG) that can be generated by a fuzzy grammar 

FG is fuzzy; hence, a set of images I that can be accepted 

by a recognizer is fuzzy and the answer to the above ques

tion is not given as "yes" or "no." Instead, the attribute 

"certainty" specifies the degree to which an instance of 

image is a member of the fuzzy set I. In contrast, the 

inspection process classifies products into two crisp sets: 

a set of "good" products and a set of "defective" products. 

A function which maps a fuzzy set into two crisp sets needs 

to be defined. For example, let x be an instance of image 

which is recognized as an image in the image class X with 

certainty 0.85 (a set of images that can be classified to X 

is fuzzy). This can be interpreted as "x is in X with the 

membership degree 0.85 (M-XCX) = 0.85)." Now it should be 

decided whether x is acceptable or not. 

One method of mapping is to use a threshold. Images 

with certainties greater than the threshold are accepted as 

"good" and images with certainties smaller than the 

threshold are rejected as "defective." For a threshold 
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value 0.8, x in the above example would be accepted. If the 

threshold value is set to 0.9, then x would be rejected. 

The mapping function can be defined as follows: 

f (M.I(FG,(X)) = 
- 0, where tii(PG)(x) < T 

*— 1, where L̂X(FG)(X) > T 

where T is a predefined threshold value. If the function 

returns 1, then x is accepted; if it returns 0, then x is 

rejected. 

The mapping operation may produce two types of mis-

classification: rejection of good objects (type 1 error) and 

acceptance of defective objects (type 2 error). Let P(G;c) 

and P(D;c) be the probabilities that an object x with the 

certainty value c is good and defective, respectively. It 

is clear that P(D;c) = 1 - P(G;c). The ideal function to 

calculate certainty for x would be the one which gives the 

certainty value c that causes P(G;c) and P(D;c) to be either 

0 or 1 as shown in Figure 3.8(a). The best threshold value 

in this case is clearly ĉ  (there is no probabilty of mis-

classification). In practice, we can hardly find such a 

function; values of P(G;c) and P(D;c) usually look like the 

one as shown in Figure 3.8(b). In this case, the cost of 

misclassification should be considered to find a good thres

hold value. Let Ĉ  and C^ be costs of type 1 and type 2 

errors, respectively. The optimal threshold value is the 

one which minimizes P^C^ + PjCj where P̂  and P, are 
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Figure 3.8 Probabilities of being Good and Defective 
vs. Certainty 
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probabilities of type 1 and type 2 errors, respectively, as 

shown in Figure 3.8(b). The threshold value may be 

dynamically adjusted by analyzing the results of recognition 

process. 

Parsing Methods 

The process for syntax analysis of conventional pro

gramming languages consists of two basic steps: lexical 

analysis and parsing. In automated visual inspection, the 

image processing part which translates pixel intensity data 

to a sequence of symbolic tokens representing image primi

tives corresponds to the lexical analysis step. Given a 

sequence of input tokens x and a grammar G, the parser 

produces either a parse tree of x, if x is accepted, or an 

error message indicating that x is not accepted. 

The image parser may be implemented in many different 

ways according to the types of image grammars. If the 

grammar is regular, a deterministic finite-state automaton 

can be constructed to recognize the images generated by the 

grammar. If the grammar is context-free, a non-

deterministic automaton is usually required. The output 

from the parser usually includes not only the decision of 

accepting the image generated by the given grammar, but also 

the derivation tree of the image, which, in turn, gives the 

complete description of the pattern and its sub-patterns. 

It is, in principle, not important how to construct the 
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derivation tree. It may be constructed from the top (the 

root of the tree) toward the bottom, which is called "top-

down" parsing, or from the bottom (the leaves of the tree) 

toward the top, which is called "bottom-up" parsing. 

The top-down method starts with the starting symbol of 

the grammar and makes successive substitutions for non

terminals according to productions trying to fit the input 

token stream. A top-down parser is "goal-oriented." The 

main goal is to parse the starting symbol and a prediction 

is made that the image to be recognized is acceptable with 

respect to the given grammar. In contrast to the top-down 

method, the bottom-up method starts with the input tokens 

and applies the productions backward trying to contract to 

the starting symbol. In other words, the image is scanned 

for patterns which represent right sides of productions so 

that they can be replaced by the corresponding left side. A 

bottom-up parser has essentially no long-range goal except 

the starting symbol which is an implicit goal. 

Detailed descriptions about parsing algorithms can be 

found in [1, 36]. A general comparison of parsing methods 

is difficult for two reasons. First, some grammars are 

parsed more efficiently by top-down methods and others by 

bottom-up methods, so efficiency depends on the grammar. 

Second, if a particular grammar is found to be parsed 

inefficiently by a method, a transformed version can usually 

be produced that can be parsed efficiently. For image 
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parsing, the top-down method seems to be a proper choice 

because the goal-oriented analysis assists primitive recog

nition process by predicting the next image primitive to 

look for. 

Top-down Parsing of the Fuzzy 
Context-free Grammar 

The first step of generic top-down parsing is to see 

whether the tokenized input image can be reduced to the 

right side X.X^, . .X„ of the production 

where S is the starting symbol of the grammar. For the 

application of the production to be valid, if X̂  is a 

terminal symbol, then the input must begin with this 

terminal. If Xi is a non-terminal, a sub-goal is establish

ed and tried to see whether the input tokens may be reduced 

to Xi. If this proves to be possible, Xj is tested in the 

same manner; then X3; and so on. If no match is found for 

Xi, then application of an alternative production 

is attempted. Each sub-goal A (A e V„) is tested in the 

same manner; a production 

is tested to see whether it can be applied. Thus, new sub-

goals are continuously being generated and attempted. If a 

sub-goal is not met, failure is reported to the next higher 
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level, which must try another alternative production. This 

process is called "backtracking." 

In the parse tree, the node corresponding to the sub-

goal A is the parent node of the nodes which correspond to 

Xi, X2, ..., X„. When the sub-goal A is predicted and being 

tested, its attribute values are undetermined until all its 

children nodes (sub-goals and/or terminals) are identified. 

The attribute values of children nodes are then used to 

calculate its attributes. If the attribute "certainty" is 

below a certain preset value (when the input pattern has 

very low degree of membership to the image class represented 

by A), then the production is rejected and an alternative 

production is searched for. This process is recursively 

applied to all non-terminal symbols (sub-goals) in the parse 

tree until the parse tree is completed or the input is 

rejected. Upon completion of the parse tree, all leaf nodes 

must be terminals or image primitives and the certainties of 

all nodes must be greater than preset values for correspond

ing nodes. 

The problem with the generic top-down parser is back

tracking. If a sequence of erroneous predictions are made 

and nodes for sub-goals are expanded and subsequently 

discover a mismatch, the semantic effects of making those 

erroneous expansions have to be corrected. For example, 

predicted symbols and their attribute values might have to 

be discarded and the parse tree reconstructed. Since 
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undoing semantic action involves substantial overhead, it is 

reasonable to consider top-down parsers that do no 

backtracking. 

One popular implementation of top-down parsing without 

backtracking is a recursive-descent parser [1]. The 

recursive-descent parser uses a procedure to handle each 

non-terminal symbol of the grammar. The procedures may be 

recursive, easy to write and fairly efficient if written in 

a high-level language that implements recursive procedure 

calls efficiently. This simple technique may not be flex

ible enough to parse images for automated visual inspection 

because the whole parser may have to be reconstructed (e.g., 

reprogrammed and recompiled) if the grammar is changed to 

inspect new circuit patterns. As we mentioned earlier, the 

image grammar to describe a certain circuit pattern is 

usually different from the image grammars to describe 

different circuit patterns and circuit patterns to inspect 

may be changed frequently in IC manufacturing. 

If a parser treats the grammar as input data, then many 

different image patterns can be parsed by adding correspond

ing grammars without modifying the parsing procedure. An 

example of such a parser is a predictive parser which can be 

constructed for certain types of grammars [1]. The predic

tive parser has an input, a stack, a parse table, and an 

output. The input contains a sequence of tokenized image 

segments to be parsed. A stack, which is handled by the 
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language in which the parser is written as in the recursive-

descent parser, is maintained by the parser and contains a 

sequence of grammar symbols. Initially, the stack contains 

the starting symbol of the grammar. The parse table is a 

two-dimensional array T[X,x], where X is a non-terminal 

symbol and x is a sequence of terminal symbols which is 

called "look-ahead" input tokens and each entry specifies a 

unique production. A predictive parsing algorithm of the 

fuzzy context-free grammar is included in Appendix E. 

The basic idea to avoid backtracking is that the parser 

predicts a unique production for a given input token or a 

sequence of tokens. Unfortunately, not all context-free 

grammars are suitable for recursive-descent or predictive 

parsing. A grammar for which we can choose a unique produc

tion for a given input token is called an LL(1) grammar. 

Likewise, a grammar for which we can choose a unique produc

tion given k input tokens is called an LL(k) grammar. 

Formal definitions of LL(1) and LL(k) grammars can be found 

in [24]. If k grows larger (k » 1), it becomes extremely 

difficult to construct a parse table. Some grammars can be 

transformed to an equivalent LL(1) grammar which generates 

the same language; but there is no general rule to transform 

one type of grammar to another type and some grammars cannot 

be transformed to an equivalent LL(1) grammar. Careful 

design of the image grammar seems to be the only solution 

currently available to simplify the parsing process. 
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Error Handling 

One of the most important functions of the image parser 

is the detection and reporting of errors which might be 

defects in the VLSI circuit patterns. The error handling 

process should produce error messages which allow the human 

operator or the IC manufacturing system to determine exactly 

where the errors have occurred. Structural information 

about the image may help the error handling process to infer 

types and causes of defects facilitating feedback to other 

parts of the manufacturing system to prevent subsequent 

defects of the same type. Locations of defects may also be 

displayed on the monitor for human inspectors. 

After errors are detected and analyzed, the parser may 

have to recover from the error state and resume parsing 

other parts of the image. The die may be rejected if any 

defect is found; but the defect analysis process may be 

easier if more information about defects on the die is 

available. There may be several methods for error recovery. 

One simple method is to discard input tokens until a 

"synchronizing" token is encountered and pop symbols from 

the stack until an entry is found such that the parser can 

continue given the synchronizing token on the input. In a 

conventional programming language like C, the semicolon—a 

statement delimiter—is often used as a synchronizing token. 

For the image parser, significant image segments such as a 

"corner" may be used as a synchronizing token. Another 
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method of error recovery is to use error handling routines 

which fill corresponding parse table entries. Error 

handling and defect analysis will not be discussed further 

in this dissertation. 



CHAPTER IV 

APPLICATION OF THE FUZZY GRAMMAR FOR 

AUTOMATED VISUAL INSPECTION 

Visual inspection is one of the most important steps in 

many industrial processes. Industries such as electronics, 

automobile, textiles, and metal processing, are investigat

ing a wide variety of computerized visual inspection 

methods. In this chapter, we discuss the implementation 

issues of the fuzzy context-free grammar for automated 

visual inspection of VLSI circuits during the IC manufactur

ing process. The IC manufacturing process is described 

briefly and we describe each step required for automated 

visual inspection using syntactic analysis of VLSI circuit 

images. 

IC Manufacturing Process 

The IC manufacturing process consists of a sequence of 

steps as shown in Figure 4.1. These steps can be grouped 

into two phases: the design phase and the fabrication phase. 

In the design phase, the desired functions and necessary 

operating specifications of the circuit are initially decid

ed upon. Then, the chip is designed from the "top-down"; 

the required large functional blocks are first identified, 

their sub-blocks are selected, and the logic gates needed to 

implement the sub-blocks are chosen [26, 37]. Upon 

56 
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Verification of Design 
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Completed Wafer Test 
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Final Test 

Figure 4.1 Steps in IC Manufacturing 
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completing these various levels of design, each is checked 

to insure that correct functionality has been achieved. 

When the designers are satisfied that each level of design 

is correct, test vectors for testing the manufactured 

circuits are generated from the schematic of the logic 

gates. 

The circuit is then laid out. The layout consists of 

sets of patterns to be transferred to the silicon wafer. 

The patterns correspond to device regions, or interconnect 

structures. Such patterns are sequentially transferred to 

the wafers through the use of photo-lithographic processes 

and a set of masks, as part of the wafer fabrication 

sequence as shown in Figure 4.2. The result of each pattern 

transfer step is a set of features created on the wafer 

surface. These features are generally either in the form of 

an etched opening in a film or a patterned feature of a film 

present on the surface (e.g., an interconnect line or pad). 

After the openings (or windows) are created by the pattern 

transfer step, either controlled quantities of dopant are 

added to the silicon substrate through the openings or 

another layer is deposited to make contact with the underly

ing layer through the openings. 

Wafers must be inspected after certain processes (e.g., 

resist, lithographic, or etching process) to find defects 

due to a variety of causes. Defects are caused by any 

material, process, or design flaws that may interfere with 
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the successful fabrication of micro-electronic components. 

Inspection in the VLSI fabrication process can be broken 

down into three categories: macro-inspection, which is 

performed at low magnification typically done with the 

unaided eye, critical dimension measurement, and micro-

inspection or the microscopic inspection of the pattern at 

50X to lOOOX magnification or more [37]. Specifications of 

wafers and defects and inspection techniques currently used 

in the IC manufacturing process can be found in [9, 27, 31, 

32, 33] and beyond the scope of this dissertation. We will 

discuss micro-inspection briefly. 

Inspection which is typically done today by the operat

or using a standard microscope is called micro-inspection. 

It includes: 

1. Registration checking, 

2. pattern checking for systematic defects, and 

3. point defect checking. 

Point defects can be typified in one of two ways: random 

defects or repeating defects. Random defects are common to 

all photo processes. The resulting defect density is recog

nized as a major yield limiter and as such needs to be 

monitored to provide data for yield control, in order to 

initiate appropriate corrective action. Typical sources of 

random defects are random mask defects (some accrued since 

inspection), defects in thin films (including resist), air

borne and liquid-borne particulate contamination. A defect 
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unique to stepping lithography is the repeating defect which 

prints every time the reticle field is printed. There is 

obviously much interest in controlling this type of defect. 

The point defect, either random or repeating, is a 

localized phenomenon, a point or small cluster of points, 

which is not common to similar geometries in the same field 

of view. Pattern, or systematic defects, on the other hand, 

are seen on all equivalent geometries within the field of 

view, probably within the die, frequently neighboring die, 

and perhaps the whole wafer as well. Pattern or systematic 

defects are caused by incorrect processing; incorrect soft 

bake, poor focus, incorrect exposure, poor develop, etc. 

This dissertation concentrates on inspection of bond-

pads after the electrical probe test. The bond-pad is a 

component of VLSI circuits to which IC pins are connected 

during the IC assembly process. A typical bond-pad, as 

shown in Figure 4.3, is covered with protective overcoat 

except for the area where pins are to be connected. After 

the probe test, bond-pads are visually inspected to check 

following defects: 

1. Probe mark missing, 

2. punch-through in the probe mark, and 

3. overcoat damage. 

Implementation issues of automated visual inspection of 

bond-pads and analysis of results are discussed in the 

following sections. 
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A Prototvpe Automated Visual 
Inspection System 

The automated visual inspection system receives image 

data from various devices such as optical and scanning 

electron microscopes and interprets the image to find 

defects. Interpretation of scanned and digitized images can 

be guided by knowledge about the reference image and defects 

if images are represented syntactically. Hierarchical 

structure of the VLSI circuit images can be represented 

syntactically using a small set of image primitives and 

relationships among them. Syntactic analysis of images for 

automated visual inspection requires the following steps: 

1. Selection of image primitives, 

2. definition of image grammar, 

3. design of primitive recognizer, and 

4. design of image parser. 

The schematic diagram of the prototype automated visual 

inspection system is shown in Figure 4.4. VLSI circuit 

patterns stored in a CAD system database and knowledge about 

defect patterns are used to produce: 

1. a set of image primitives, and 

2. a syntax of the perfect reference image. 

The selected image primitives are used as basic features in 

feature extraction routines of the image processing system 

and terminal symbols of the image grammar. The syntax of 

the reference image is usually described using a set of 
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productions in the image grammar. The image parser receives 

recognized image primitives as input tokens and constructs a 

parse tree according to the syntax rule of the image 

grammar. Defects, or departures from the representation of 

the reference image, will be detected as syntactical errors 

in the same way that programming errors are detected by a 

language parser. We will describe each step in detail in 

the following sections. 

Selection of Image Primitives 

The choice of appropriate image primitives depends on 

the types of images to be analyzed. For character recogni

tion, image primitives such as strokes are often used [11]. 

VLSI circuit images largely consist of straight lines. 

Arcs, which are deformations of straight lines, may be used 

to represent defects such as mouse-bites, protrusions, etc. 

Therefore, line and arc segments may be possible choices for 

image primitives. 

There are two possible methods to represent primitives. 

First, the sizes of primitives are variable and the inter

mediate image processing tries to find the longest lines and 

arcs following a certain criteria. This approach needs 

quite intensive intermediate image processing. Second, 

image primitives have a fixed size and a long line is repre

sented as a concatenation of fixed-size line segments. This 

approach requires a complex image parsing process but 
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primitive recognition is relatively easy. The basic idea of 

using the syntactic approach is to take advantage of the 

well-developed theory of grammar. It is feasible to make 

the primitive recognition process as simple as possible and 

do complex image analysis using an image grammar and a 

parser. Therefore, fixed-size image primitives seem to be a 

proper choice unless the image parser becomes too complex, 

or a good image processing technique to recognize complex 

image segments can be developed. 

A typical VLSI circuit component (bond-pad) image and 

its enhanced image are shown in Figure 4.3. Two image 

primitives are defined to describe the image (another primi

tive possibly based on texture may also be defined): <line> 

and <arc>. These primitives have attributes defined as 

follows: 

<line> 
Attributes: 

length 
starting point (SP) 
ending point (EP) 
direction - a number in the interval [-n, w] 
deviation 
certainty - degree of straightness, 

a number in the interval [0, 1] 
intensity 
width 

<arc> 
Attributes: 

length 
start point (SP) 
end point (EP) 
direction 
curvature 
certainty - degree of arc-ness 
intensity 
width 
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Some attributes defined above are redundant (can be 

calculated from other attributes), but will reduce computa

tions in the parsing process. For example, if we know the 

starting and ending points of a line, then we can calculate 

the length and direction. But if we use a rule such as an 

edge is a repetition of lines, then we have to calculate the 

length of the edge every time we add a line. 

The size of image primitives depends on the images to 

be analyzed. The magnification of a microscope and the 

resolution of a digitizer used to capture actual IC images 

is very important. If the magnification level is too high, 

every edge will look like a defect (jagged edges) and if the 

magnification level is too low, then we cannot distinguish 

some important objects. Currently, no criteria to determine 

the magnification level and resolution exists. Some 

arbitrary criteria may be: 

1. All important objects in the IC image (bond-pads, 

probe marks, connectors, etc.) should be discernible. 

2. A digitized image of a whole die should not be too 

large to require too much memory space and processing time. 

We may use 10 or 20 pixels for a certain magnification level 

or absolute length 3 or 4 microns for the sizes of image 

primitives. This may be adjusted according to the image 

size and VLSI technology. It is assumed that we know the 

size of the image to be analyzed. From this size we can 

calculate the absolute size of an image portion that can be 
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represented by a pixel. The formula to calculate the 

certainty of a line segment is defined in Example 3.1 in 

chapter three. The certainty of an arc can be defined 

similarly using deviations from a straight line as follows: 

<arc>.curvature = S d^/ (n - 1), 
i-i 

D = max|(di " d^.J/dj where i = 2 , 3 , . . . , n 

D*(4-D 
where 0 < D < 2, 

<arc>.certainty = ) D*(4-D)/4 where 2 < D < 4, 
where D > 4, 

where n is the number of points on the arc, d is the 

distance between two consecutive arc points projected on the 

line connecting two end points of the arc (<arc>.length = 

(n-l)d), and d̂  is the deviation of the arc point. When the 

straightness of a line is larger than a certain threshold, 

it can be either an arc or a spike. The attribute curvature 

is used to distinguish arcs from spikes and defined as the 

average magnitude of derivatives on arc points. If the 

magnitude of a derivative on a certain arc point is larger 

than a pre-defined threshold value, it will be treated as a 

spike. This is illustrated in Figure B.l in Appendix B. 

Other attributes, intensity and width, are defined for 

future use. For example, intensity may be used to distin

guish weak edges from strong edges. 
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A Fuzzv Context-free Grammar 
for a Bond-pad Image 

Different images usually require different image 

grammars although they may share the set of image primi

tives. For example, the image grammar for representing a 

memory device will be different from the grammar for a 

micro-processor. We define a sample image grammar to repre

sent a typical bond-pad as shown in Figure 4.3. The bond-

pad image can be decomposed into three parts: frame, protec

tive overcoat, and probe-mark. Each part can be decomposed 

further into lines and corners as shown in Figure 4.5. A 

complete grammar for the bond-pad image is included in 

Appendix A and summarized in Figure 4.6. 

Productions of the image grammar describe the relation

ships among image segments. The most important property of 

the fuzzy grammar is that the same input image segment may 

be classified into more than one image class. For example, 

productions 1 and 2, as shown in Example 4.1, describe 

composition rules for edges and corners. 

Example 4.1 Productions for <edge> and <corner> 

Production 1: <edge>i :- <line> <edge>r 

{ <edge>i.SP = <line>.SP 
<edge>i.EP = <edge>^.EP 

X = <edge>i.EP.X - <edge>i.SP.X 
Y = <edge>i.EP.Y - <edge>i.SP.Y 
<edge>i. length = SQRT(X' + Y') 
<edge>i. direction = arctan(Y/X) 
A = <edge>i.direction - <line>.direction 
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G = (V,, V̂ , P, S), where 

Non-terminal symbols 
V̂  = { <bondpad> <frame> <overcoat> <probe-mark> 

<connection edge> <corner> <edge> } 

Terminal symbols 
VT = ( <line> <arc>} 

Productions 
P = { 

PI: <edge> :- <line> <edge> 

P2: <corner> :- <line>i <line>2 

P3: <overcoat> :- (<corner> <edge>)* 

P4: <connection_edge> :- <edge> <corner> 
<corner> <edge> 

P5: <frame> :- <corner> <edge> 
<connection_edge> 
(<corner> <edge>)^ 

P6: <probe_mark> :- <texture>* 

P7: <bondpad> :- <frame> <overcoat> 
<probe_mark> 

) 

S = ( <bondpad> } 

Figure 4.6 Summary of the Image Grammar for the 
Bond-pad shown in Figure 4.3 
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NA^= |A/(V2)| 
D - <line>.length * sin(A) / <edge>,.length 

<edge>i.deviation = max( <line>.deviation, 
<edge>r.deviation>, 
D ) 

<edge>i.certainty = min( <line>.certainty, 
<edge>r. certainty, 
fA(NA), 
fD(D) ) 

L O/ where NA > 0.5 

1 -

r ''' 
D) = 

'— 1 - 4D% 

4(NA)', where 0 < NA < 0.5 

0, where D > 0.5 
and f, ( 

where 0 < D < 0.5 

Production 2: <corner> :- <line>i <line>j 

{ <corner>.linel = <line>i 
<corner>.line2 = <line>2 
<corner>.angle = 

<line>i.direction - <line>2.direction 
<corner>.CP = <line>i.EP = <line>2.SP 

<corner>. certainty = min (<line>i. certainty, 
<line> J. certainty, 
fc(X)) 

} 

where fc(X) is the same with fE(X) except X is defined 
as X = I <corner>.angle - 7r/21 / (7r/2) 

The production 1 can be interpreted as "an edge is a collec

tion of line primitives which are adjacent and in the 

approximately same direction." The production 2 can be 

interpreted as "a corner consists of two consecutive lines 

with approximately 90 degree angle." 
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Two consecutive <line> segments may be classified as 

either an <edge> or a <corner> according to the above 

productions. Semantics of the grammar is used to decide 

better classification. For example, an image segment with 

two connected line segments the certainties of which are 

both 1.0's and the angle between the two lines is n/S (22.5 

degree). If the image segment is classified as an <edge> 

using the production 1, the certainty will be 0.75 (0.75 = 1 

- 4((7r/8)/(7r/2))') which can be interpreted as "it is an 

<edge> with 0.75 degree of certainty." If it is classified 

as a corner using the production 2, the certainty will be 

zero. Therefore, it is more likely to be an <edge> than a 

<corner>. 

An Image Parser 

After an image grammar for the images to be analyzed is 

constructed, a recognizer that will recognize images that 

can be generated by the image grammar should be designed. 

The recognition process for an input image with respect to a 

given image grammar can be divided into three steps: primi

tive recognition, syntax analysis or parsing, and semantics 

analysis steps. The primitive recognition process converts 

pixel intensity data into a sequence of symbolic data called 

tokens. This process corresponds to the lexical analysis 

process of the conventional programming language compiler. 

The major difference is that strings used in programs are 
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one-dimensional, whereas images are at least two-

dimensional. Therefore, interaction between the primitive 

recognizer and the image parser is very important to get the 

proper sequence of image tokens. Interaction between the 

primitive recognizer and the parser can be done in two ways. 

First, the primitive recognizer tries to recognize all image 

segments in the image and store them in image database with 

their attribute values. This method is closely related to 

the bottom-up parsing technique which reduces input strings 

by applying productions. Structural information of the 

reference image is not utilized sufficiently in this method 

and extensive database search may be required. The second 

method is related to "goal-oriented" top-down parsing tech

nique which starts with a preset goal and try to find image 

segments to achieve the goal. In this method, the image 

parser can guide the primitive recognizer by predicting the 

next image segment to be found. This method requires 

complete information about the reference image including 

size and location of image segments. 

Both methods start with the same edge detection pro

cess. The edge detection process convolves gradient edge 

templates on the global image and the result is shown in 

Figure 4.3(b). The resulting image contains many false 

edges due to noise in the original image and needs to be 

enhanced further. The first method mentioned above collects 

pixels which are assumed to be in the same line segment 
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according to certain criteria and a regression technique is 

applied to estimate the best line segment. Intensity level, 

gradient direction, and proximity are used as criteria and 

the result is quite noise-sensitive. In the second method, 

the image parser predicts the next image primitive, such as 

a line with a certain location, direction, and length, and 

asks the primitive recognizer to check whether the image 

contains such an image segment. The result is shown in 

Table 4.1. 

The parsing process can be regarded as the process of 

construction of a parse tree for the input image (it is not 

necessary to store the whole parse tree). As described in 

the previous chapter, there are two methods to construct a 

parse tree: top-down and bottom-up. The selection of a 

parsing method may not be critical in syntactic image analy

sis because the parsing process will take only a fraction of 

the computing time required by image processing; however, 

the goal-oriented approach of the top-down method may be 

beneficial for primitive recognition suggesting a most 

probable image primitive. 

One important design goal of an image parser is flex

ibility. It should not be too difficult to accommodate new 

grammars for different circuit patterns. One way to achieve 

this flexibility for the image parser is to take grammars as 

input data. To analyze a new circuit pattern only the 

grammar for the pattern needs to be defined and stored in 
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Table 4.1 Summary of Image Processing 
and Parsing 

Primitive 
Recognition 

Application of 
Productions 

Appropriate 
Parsing Scheme 

Problems 

Method 1 

Regression 

Data-driven 
(Forward chain) 

Bottom-up 

Sensitive to 
Noise 

Method 2 

Hypothesis 
Test 

Goal-oriented 
(Backward chain) 

Top-down 

Needs complete 
specification of 
the reference 
image in the 
grammar 
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the database. The parser searches database for a production 

to apply for a given input token. When a production is 

found, the parser performs an appropriate action according 

to the parsing method (e.g., expands the production and sets 

new goals for the top-down method or reduces the input token 

to the left side symbol of the production for the bottom-up 

method). If no production in the database is applicable, 

then the parser backtracks and searches for an alternative 

production. This generic parsing algorithm is very simple, 

but may be inefficient. 

For certain types of grammars, we can build an effi

cient parser which does not require backtracking. The 

grammar defined in the previous section is an LL(2) grammar. 

If at least two input tokens are available, then the parser 

can choose a unique production to apply. This parser can be 

implemented using the predictive parsing technique as des

cribed in the previous chapter. A functional block diagram 

of the predictive parser is shown in Figure 4.7 and the 

predictive parse table for the grammar defined in the previ

ous section is included in Appendix D. 

Defect Detection 

Defects in the image are recognized as syntactical 

errors during the parsing process. Two important steps that 

must be performed when a defect is detected are: 
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1. Analyze the image segment and provide the possible 

defect type according to information about current image 

segment, and 

2. recover from the error state and resume parsing for 

other parts of the image. 

At the beginning (before the system has collected 

enough knowledge), the parser does not know what to do when 

an unrecognizable image segment (not necessarily a defect) 

is encountered. An intelligent program which can handle 

knowledge about the structure of circuit patterns and 

defects may be required. After the defect is analyzed, new 

rules may be created to recognize the defect so that the 

parser can subsequently handle the same defect. Possible 

unrecognizable image segments include: 

1. Discontinuous edges (deletion errors), and 

2. unexpected image segments (addition errors). 

To recover from an error state and resume parsing, the 

parser should be given instructions on how to find the next 

restarting point. Errors should be localized so that the 

parser can find as many independent errors possible. For 

example, when a syntactical error is detected in a statement 

during conventional programming language parsing, the whole 

statement may be ignored and the parser looks for the start

ing point of new statement. Since the parsing process is 

usually recursive (a statement can be nested several 

levels), finding a new starting point which will not be 
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affected by the current error is not an easy task. A 

knowledge processing (domain-specific or heuristic 

knowledge) technique to localize defects and find proper 

restarting points for the parser is required. 

Results 

Many image processing systems, whether they use the 

statistical approach or structural approach, consist of 

three basic steps: preprocessing (low-level image process

ing), image segmentation and classification (intermediate-

level image processing), and image analysis (high-level 

image processing). The first two steps usually deal with 

raw image data (e.g., pixel intensity or color in a two-

dimensional array) and produce symbolic descriptions of 

image segments (e.g., feature vectors or image primitives). 

In the last step the symbolic data is interpreted to draw 

meaningful descriptions about the image. Most of the 

processing time is usually spent in the first two steps. 

The basic idea of the syntactic image processing tech

nique is to describe images using simple image segments 

which are much easier to recognize than global images. 

Application of the fuzzy context-free grammar for image 

processing does not enhance the basic image processing 

techniques in the first two steps; it provides powerful 

functions to describe images so that time-consuming low and 

intermediate-level processing steps can be simplified as 
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much as possible, and complex image analysis can be 

performed utilizing well developed techniques in formal 

language theory. 

For the syntactic approach to be advantageous, the 

simplest image segments, called image primitives, should be 

much easier to recognize than the global images. In visual 

inspection where the reference image is available, the 

primitive recognition process can be guided by knowledge 

about image features predicted from the reference image. 

This makes low and intermediate-level image processing much 

simpler than the statistical approach. Further simplifica

tion of the primitive recognition process and attribute 

calculation may be achieved if edges in the enhanced 

digitized images are mostly horizontal and vertical. This 

may be done by rotating the digitized image or placing the 

die to be inspected in the proper position prior to 

digitization. 

An algorithm for the prototype automated visual inspec

tion system is included in Appendix C. The output of the 

primitive recognition process is a stream of image primi

tives (tokens) which should be parsed according to the image 

grammar. Selection of an appropriate set of image primi

tives for an image grammar is very important because the 

definition of the image grammar is based on a specific set 

of image primitives that are used to describe an image. 

This is similar to the selection of good data structures 
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in order to reduce the complexity of programming. For the 

grammar to describe the bond-pad image which consists mainly 

of straight lines, a line segment is the only image primi

tive required. 

A sequence of image primitives produced in the primi

tive recognition process is parsed according to productions 

defined in the grammar. The conventional programming 

language parser deals with one-dimensional strings. Images 

have at least two-dimensional aspects and, therefore, inter

action between the primitive recognizer and the image parser 

is very important to get a correct sequence of image primi

tives. The top-down method of parsing provides a good 

interface facility between the primitive recognizer and the 

parser by predicting the next image primitive to be recog

nized. The results of the primitive recognition and parsing 

processes for the specimen bond-pad images are included in 

Appendix F. 



CHAPTER V 

CONCLUSIONS AND FURTHER STUDY 

Image processing and analysis for automated visual 

inspection are distinguished from those for other problem 

domains where statistical properties of global images are 

more important than local variations. Many defects in VLSI 

circuits are characterized as local variations. For auto

mated visual inspection, it is not possible to apply some 

statistical tests on large parts of images and try to iden

tify any local defects, since the variance in the statistics 

would obscure local defects. If detailed structures of 

images are required, the syntactic approach seems to be 

necessary. 

The syntactic approach can utilize well developed 

techniques in formal language theory. Complex VLSI circuit 

patterns can be represented using a small number of basic 

image segments, called image primitives, and image grammars. 

Syntactically represented images can be parsed so that 

defects in the circuit patterns can be identified as 

syntactical errors. The parsing algorithm is usually 

machine-independent and only the image grammar needs to be 

modified to inspect different circuit patterns. 

The time complexity of some parsing algorithms for 

context-free grammars, which are proven to be at most 

proportional to the cube of the input string length, is 
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directly applied to the image parser [l, ii]. This can be 

compared with many image analysis algorithms, such as graph 

matching, that require exponential processing time. Further 

speed improvement can be achieved using parallel processing 

techniques and the syntactic approach is well suited for 

parallel processing since each image segment used in the 

productions of image grammars can be processed in parallel. 

The above mentioned advantages, flexibility and speed, 

are very important since current trends in VLSI manufactur

ing show increasing demand for the application-specific IC's 

(ASIC's) or custom IC's [17]. The ASIC fabrication environ

ment is characterized as a "dedicated, low-volume, fast-

turnaround facility." To be a feasible alternative to 

replace the human operator, the automated visual inspection 

system must be fast enough to keep up with the production 

rate and flexible enough to accommodate changes in the 

product being inspected without reprogramming the whole 

system. 

Another requirement for the automated visual inspection 

system is a powerful function to perform a variety of 

inspection tasks. Integrated manufacturing requires that 

all of the sub-processes in a factory be made to work 

together, so that they can be controlled, scheduled, and 

managed. The syntactic approach for automated visual 

inspection can not only detect defects, but also analyze 

defects so that information about defect types can be 
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fed-back so as to take corrective action on other processes 

which are responsible for the defects. By specifying infor

mation about locations and sizes of image segments in the 

image grammar, it is possible to perform other types of 

inspection such as geometry verification and design rule 

checking. 

There are several problems with the syntactic approach 

using the fuzzy context-free grammar. First, this approach 

requires good quality images which consist of highly regular 

patterns so that image primitives are not too difficult to 

recognize. The fuzzy context-free grammar provides more 

descriptive power than conventional grammars to handle 

complex, noisy images. The increased descriptive power of 

the fuzzy context-free grammar is paid for in terms of 

increased complexity of the parsing process. Therefore, if 

images are too noisy and consist of complex image segments, 

then the advantage of using this approach will be reduced 

significantly. 

Second, it is not easy to define a proper set of gram

matical rules to describe a given class of images. There 

can be many different classes of images which require 

different image grammars. For example, the image grammar 

for a specific bond-pad image may be different from image 

grammars for other types of bond-pads. A grammatical 

inference machine which produces an image grammar for a 

given class of images would be ideal; unfortunately, such a 
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machine has not been developed except for a specific class 

of image [11]. in most cases, the designer may have to 

construct the grammar based on experience and a priori 

knowledge available, A knowledge-based expert system as 

shown in Figure 4.4 in the previous chapter may be helpful 

to define the image grammar for the reference image stored 

as graphical objects in a CAD system database. 

Third, it is difficult to define a proper set of image 

segments and their attributes to describe a given class of 

images. The proposed fuzzy context-free grammar handle 

uncertainties caused by noisy images and imprecise descrip

tions of images by using attributes and fuzzy set membership 

functions. The fuzzy membership function, which provides 

the quantitative degree of membership for an instance of 

image segment to a certain image class, is based on feature 

measurements of image segments. Therefore, the syntactic 

approach using fuzzy context-free grammar shares the same 

problem with the statistical approach: very little general 

theory for the selection of good feature measurements 

exists. The selection of good membership functions depends 

on applications and the difficulty in defining a good 

membership function for an image class may severely limit 

the application of this approach. 

Image grammars studied in this research are restricted 

to two-dimensional aspects of images. Some modifications of 

grammars may be required to describe three-dimensional 
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Structures of images. As mentioned in chapter three, 

different types of grammars require different parsing 

algorithms. A generic parser for a specific grammar type is 

currently being studied. One of the most challenging tasks, 

which is left for further study, is the automatic generation 

of a grammar for a given image class. "Standard cells" used 

in the design phase of VLSI manufacturing may be used to 

describe image segments and these descriptions may be used 

to construct an image library and as basic building blocks 

of image grammars for various circuit patterns. 
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APPENDIX A 

A FUZZY CONTEXT-FREE IMAGE GRAMMAR 

FOR A TYPICAL BOND-PAD 

An image can be described in many different ways using 

different sets of image primitives and production rules. In 

this appendix, a complete fuzzy context-free grammar for a 

typical bond-pad in VLSI circuits as shown in Figure 4.3 is 

defined. The grammar used only edge-based primitives; 

different types of images may require other image primitives 

such as regions with different textures. Information about 

sizes and locations of image segments is not specified in 

the grammar. The unit of measurement for all attribute 

values is a pixel (a micron may also be used to specify 

actual measurement of the image segment). Attributes 

"starting point" (SP) and "ending point" (EP) are represent

ed as a pair of numbers specifying X and Y coordinate values 

in the image. For example, SP.X and SP.Y represent X and Y 

coordinate values of the starting point of an image segment. 

A fuzzy context-free grammar for a bond-pad can be 

represented as a four-tuple FCFG = (V„, V̂ , P, S), where 

V̂  = { <bondpadl> <frame> <overcoat> <probe_mark> 

<connector) <connection edge> <corner> <edge> }, 

VT = { <line> <arc> <texel> <gap> } 

p = { a set of eight productions } 

S = ( <bondpadl> } 
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Terminal Symbols 

Terminal symbols of the grammar represent image primi

tives. Selection of a proper set of image primitives 

depends on image classes to be analyzed. For the bond-pad 

image, following primitives are defined. 

Image Primitive 1: <line> 

Attributes: 
length 
starting point (SP) 
ending point (EP) 
direction - (a number in the interval [-TT, IT]) 
deviation 
certainty - (degree of straightness, 

a number in the interval [0, 1]) 
intensity - (average pixel intensity) 
width 

Image Primitive 2: <arc> 

Attributes: 
length 
starting point (SP) 
ending point (EP) 
direction 
curvature 
certainty (degree of arc-ness) 
intensity 
width 

Image Primitive 3: <texel> 

An image primitive based on texture element (texel) is 

not defined in this grammar. It may be used to describe 

probe-marks in a bond-pad. 
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Image Primitive 4: <gap> 

Attributes: 
length 
starting point (SP) 
ending point (EP) 
direction 
certainty 

The image primitive "<gap>" is used to describe a null image 

segment which represents the background image. 

Non-terminal Symbols 

Non-terminal symbols of the grammar represent composite 

image objects which are defined as follows: 

Composite Object 1: <edge> 

Attributes: 
length 
starting point (SP) 
ending point (EP) 
direction 
deviation 
certainty 

Composite Object 2: <corner> 

Attributes: 
angle 
corner point (CP) 
starting point (SP) 
ending point (EP) 
certainty 

Composite Object 3: <connector> 

Attribute: 
length 
starting point (SP) 
ending point (EP) 
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direction 
certainty 

Composite Object 4: <connection edge> 

Attribute: 
starting point (SP) 
ending point (EP) 
length 
direction 
connection point 1 (CPl) 
connection point 2 (CP2) 
connector width (CW) 
certainty 

Composite Object 4: <overcoat> 

Attributes: 
starting point (SP) 
ending point (EP) 
certainty 

Composite Object 5: <frame> 

Attributes: 
starting point (SP) 
ending point (EP) 
certainty 

Composite Object 6: <probe_mark> 

Attributes for <probe-mark> are not defined in this 

grammar. The "starting point," "ending point," "size," 

"texture," and "certainty" may be used as attributes for 

<probe-mark>. 

Composite Object 7: <bondpadl> 

Attributes: 
starting point (SP) 
ending point (EP) 
number of probe-marks (NP) 
number of connectors (NC) 
certainty 
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Productions 

Productions of a grammar describe the composition rules 

for non-terminal symbols. Eight productions are defined for 

the grammar for a bond-pad image as follows: 

Production 1: <edge>i -̂  <line> <edge>r 

{ <edge>i.SP = <line>.SP 
<edge>i.EP = <edge>r.EP 

X = <edge>i.EP.X - <edge>i.SP.X 
Y = <edge>i.EP.Y - <edge>i.SP.Y 
<edge>i. length = SQRT(X' + Y') 

<edge>i. direction = tan"(Y/X) 
A = <edge>i.direction - <line>.direction 
NA = ]A/(7r/2)| 
D = <line>.length * sin(A) / <edge>i.length 

<edge>i.deviation = max( <line>.deviation, 
<edge>r.deviation>, 
D ) 

<edge>i.certainty = min( <line>.certainty, 
<edge>^. certainty, 
fx(NA), 
fo(D) ) 

} 

where fJNA) = I 
0, where NA > 0.5 

4 * NA^ where 0 < NA < 0.5 

0, where D > 0.5 

D = r 
and fo(D) L i - 4 * D', where 0 < D < 0.5 

This production can be interpreted as "an edge is a sequence 

of line segments which are approximately straight and in the 

same direction." The functions f̂, and f̂  check straightness 

and direction of the edge. 
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Production 2: <corner> -^ <line>, <line>2 

{ <corner>.angle = 
<line>,.direction - <line>2.direction 

NA = |<corner>.angle / (7r/2)\ 

<corner>.CP = <line>i.EP = <line>2.SP 
<corner>. certainty = min(<line>, .certainty, 

<line>2. certainty, 
fx(NA) ) 

) 

r °' 
-.(NA) = 

L- 1 - 1( 

0, where NA < 0.75 
where f̂ ^ , 

.6 * (NA-1)', where 0.75 < NA < 1.0 

Production 3: <connector> -* <gap> 

{ <connector>.SP = <gap>.SP 
<connector>.EP = <gap>.EP 
<connector>.length = <gap>.length 
<connector>.direction = <gap>.direction 
<connector>.certainty = <gap>.certainty 

} 

Production 4: <connection edge> -* <connector> <edge>i 
<corner> <edge>2 

{ <connection edge>.SP = <gap>.SP 
<connection edge>.EP = <edge>2.EP 

<connection edge>.length = 
<gap>. length + <edge>2. length 

<connection edge>.direction = <edge>2.direction 

<connection edge>.CP = <corner>.CP 
<connection edge>.CW = <gap>.length 

<connection edge>.certainty = 
min( <gap>.certainty, 

<edge>i. certainty, 
<corner>.certainty, 
<edge>2.certainty ) 

} 
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Production 5: <overcoat> -̂  <edge>i <corner>i 
<edge>2 <corner>2 
<edge>3 <corner>3 
<edge>4 

{ <overcoat>.SP = <corner>,.CP 
<overcoat>.EP = <edge>,.EP 

<overcoat>.certainty = min( <corner>i .certainty, 
<edge>i. certainty, 
<edge>4. certainty, 
fE(<edge>i, <edge>3), 
fe(<edge>2, <edge>4 ) 

where i = 1,2,3 
} 

where fE(<edge>^, <edge>y) = exp[-(XL - Yhy/o'], 

where XL = <edge>^. length, 
YL = <edge>y. length, 

and a is a constant. 

The overcoat is a rectangle which is a sub-class of the 

composite image object "Closed Region." The property of a 

closed region is that the starting point corresponds to the 

ending point (SP = EP); but this property is not checked in 

this production. 

Production 6: <frame> -• <edge>i <connection edge> 
<corner>i <edge>2 
<corner>2 <edge>3 

{ <frame>.SP = <edge>i.SP 
<frame>.EP = <edge>3.EP 

<frame>.certainty = 
min ( <corner>i.certainty, 

<edge>i. certainty, 
<edge>3. certainty, 
<connection edge>.certainty, 
fE(<connection edge>, <edge>3 ) 

where i = 1,2 
} 

f„ is the same function defined in Production 5. 
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Production 7: <probe_mark> ^ not defined 

The "<probe-mark>" which may be described using texture 

is not defined in this grammar. 

Production 8: <bondpadl> -̂  <frame> <overcoat> <probe-mark> 

( <bondpadl>.SP = <frame>.SP 
<bondpadl>.EP = <frame>.EP 

<bondpadl>.certainty = min (<frame>.certainty, 
<overcoat>.certainty, 
<probe_mark>.certainty) 

} 



APPENDIX B 

SAMPLE MEMBERSHIP FUNCTIONS 

Fuzzy membership functions are used to calculate 

degrees of certainties of image objects. Selection of good 

membership functions is a subjective matter and depends on 

applications. In this appendix, sample membership functions 

for a line based on maximum deviation are described. 

The deviation from the estimated straight line can be 

used to calculate the membership degree of an instance of a 

line to a fuzzy set "approximately straight lines." An 

instance of a line x is shown in Figure B.l. The line 

length is 1 and d = max(di, d2, ..., d„), where d̂ , dj, ..., d„ 

are deviations from points on the estimated line. Some 

possible functions are: 

1. ^ 1 - (iod/1)', where d < 1/10 
l̂.(x) = 

•- 0, otherwise 

2. r- (1 - 10d/l)% where d < 1/10 

L_ 0, otherwise 

3. r ^ " e5cp(-10d/l), where d < 1/10 

^̂ "̂"̂  " L 0, otherwise 

Figure B.2 illustrate above functions graphically. More 

restriction on the straightness ("very" straight) may be 

handled using square of above functions. 
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di dj d3 . . . di . . . 

Figure B.l A Fuzzy Line 

0 1 lOd/1 0 1 lOd/1 

a) Function 1 b) Function 2 

1 

1-1/e 

0 1 lOd/1 

c) Function 3 

Figure B.2 Fuzzy Membership Functions for a Line 



APPENDIX C 

AN ALGORITHM FOR AUTOMATED 

VISUAL INSPECTION 

In this appendix, an algorithm for an automated visual 

inspection system is described. The functional block 

diagram is shown in Figure C.l and each process in the 

diagram is described using a pseudo-language which is 

similar to C programming language. 

device : digitizer /* Microscope and Image Digitizer */ 
( 
microscope 
scanner 
} 

data structure : 
System_state state, 
Parse_tree parse_tree, 
Image raw_image, enhanced_image, 
Image_token token; 

inspection() 

initialize_system(state, parse_tree); 
raw_image = digitize_image(digitizer); 
enhanced_image = enhance_image(raw_image); 

do 

token = get_token(enhanced_image); 
state = parse_image(state, parse_tree, token); 

if (state != (admissible_state)) 
state = knowledge_process(state, 

parse_tree, token); 

} 
while (state != (final_state)); 
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VLSI Circuit 
Image 

1 
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Digitizer 

1 
Digitized Image 

1 
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Primitive Recognition 
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Image Primitives 

(Tokens) 

1 
Image Parser 

1 
Parser Tree 

or 
Error Message 

Process 

Input/Output 

Figure C.l Steps in Automated Visual 
Inspection 
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Image caigitize_image(digitizer) 

locate_die(wafer); 
select_magnification_level(digitizer.microscope); 
image = scan_image(digitizer.scanner); 
if (necessary) 

image = rotate_image(image); 
return(image); 

Image enhance_image(image) 
{ 

image = filter_noise(image); 
image = emphasize_edge(image); 
image = enhance_contrast(image); 
image = enhance_edge(image); 

return(image); 

Image_token get_token(image) 
{ 

image_portion = select_image_part(image); 
token = tokenize_image(image_portion); 
return(token); 

} 

System_state parse_image(state, parse_tree, token) 
{ 

rule = find_rule(knowledge_base, token); 
symbol = apply_rule(rule, token); 
state = update_state(state, symbol); 

if (state == (admissible_state)) 
{ 
while (reducible(state)) 

( 

rule = find_rule(knowledge_base, state); 
state = apply_rule(rule, state); 
if (state != (admissible_state)) 

state = backtrack(state); 
} 

} 



} 
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else 
state = error_state; 

return(state); 

System_state knowledge_process(state, parse_tree, token) 

switch(state) 
( 

case resolvable: 
notify_defect(system); 
state = recover_from_error(state, 

parse_tree); 
break; 

case unresolvable: 
consult_expert(expert); 

if (necessary) 
update_knowledge_base(knowledge_base); 

state = update_system_state(state, 
parse_tree); 

break; 
} 

return(state); 
} 



APPENDIX D 

A PREDICTIVE PARSE TABLE FOR THE IMAGE 

GRAMMAR FOR A BOND-PAD 

A predictive parse table is a two-dimensional array the 

entries of which are productions defined in the grammar. A 

predictive parse table for the image grammar for a bond-pad 

is shown in Table D.l. The rows and columns of the table 

specify non-terminal symbols and "look-ahead" token codes of 

the grammar. The image grammar defined in Appendix A is an 

LL(2) grammar; therefore, at least two look-ahead tokens are 

required to predict a unique production to apply at any 

parsing stage. Only <line> and <gap> primitives are used to 

construct the table (other image primitives defined in the 

grammar are not used in the productions) and the look-ahead 

token codes are defined as follows: 

Code 1: <line> <line> 

Code 2: <line>l <line>2 

Code 3: <line> <gap> 

Code 4: <gap> <line> 

Code 1 specifies two consecutive line segments with the same 

direction and code 2 specifies two consecutive line segments 

with different directions. Production numbers specified in 

Appendix A are used to represent corresponding productions. 

For example, PI and P2 in the table entry correspond to 

productions 1 and 2, respectively. Entries with no 
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Table D.l A Predictive Parse Table 

<bondpadl> 

<frame> 

<overcoat> 

<probe-mark> 

<connection-
edge> 

<connector> 

<corner> 

<edge> 

code 1 

P8 

P6 

P5 

PI 

code 2 

P8 

P6 

P5 

P2 

code 3 

P8 

P6 

1 
code 4 

P4 

P3 
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production correspond to error situation and may be filled 

with proper error handling routines. 



APPENDIX E 

A PREDICTIVE PARSING ALGORITHM 

In this appendix, a predictive parsing algorithm for 

the fuzzy context-free grammar is provided. The fuzzy 

context-free grammar describes the syntax of the image and 

parts of the semantics. All parsing schemes involve the 

performance of two major functions: syntax analysis 

(production application) and semantic analysis (attribute 

calculation). 

After a grammar is read and the corresponding parse 

table is constructed, the parsing process starts by pushing 

the start symbol on the stack. The top of the stack symbol 

and the look-ahead token code determines a unique production 

to apply. When a production is applied, the parser replaces 

the top of the stack symbol with the symbols in the right 

side of the production and adds the symbol in the left side 

of the production to the parse tree. Then the symbols in 

the right side of the production are added to the parse tree 

as its children. The parse tree at this stage is just the 

parser's prediction of what the current image object will 

consist. When all the sub-objects that make up the current 

object are identified, the parser evaluates attributes of 

the objects. The complete predictive parsing algorithm is 

shown in Figure E.l. 
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read grammar G; 
construct parse table T; 
push the starting symbol on stack; 
allocate parse tree node for the starting symbol; 

while (stack is not empty) 
{ 
if (stack[top] is a terminal) 

( 

if (stack[top] matches the first input token) 
( 

pop stack; 
evaluate attributes of nodes; 
get_next_token(); 
} 

else 
error_handle(); 

} 
else 

( 

if (T[stack[top], look_ahead_code] is a 
production X -^ YlY2...Yn) 

( 

pop stack; 
push Y„Y„.i...Yi on stack; (Ŷ  on top) 
allocate children nodes Y„Y„.i — Ŷ  to 

the node X; (node Ŷ  on the left) 
} 

else 
error_handle(); 

} 
} 

Figure E.l A Predictive Parsing Algorithm 



APPENDIX F 

RESULTS OF THE SYNTAX ANALYSIS 

OF THE BOND-PAD IMAGE 

In this appendix, the result of syntax analysis of the 

bond-pad images as shown in Figure F.l is described. The 

syntax analysis process consists of two parts: a primitive 

recognizer and a parser. The primitive recognizer and the 

parser are written in C programming language and implemented 

on SUN 3/260 with the TAAC Application Accelerator board. 

The primitive recognition process returns a sequence of 

tokens. A token consists of a token code and a token value. 

The token code specifies the type of token (e.g., line, arc, 

etc.). The token value contains attribute values for the 

token. The data structure "struct" in C programming 

language is used to store tokens. In this appendix, the 

token for a line segment is represented as follows: 

LINE length SP.X SP.Y EP.X EP.Y direction 
deviation intensity width certainty 

The first symbol specifies the type of image primitive 

(token code) and the rest of the symbols represent 

attributes of the image primitive. The attribute values are 

numbers specifying certain coordinates. The attributes 

"intensity" and "width" are not used in this analysis (they 

are always set to 1.0). 
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(a) A Good Bond-pad (b) A Defective Bond-pad 

Figure F.l Bond-pad Images 
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The unit of measurement is based on device coordinates 

(pixels). The origin is the top-left corner of the image. 

The image grammar for the bond-pad defined in Appendix A 

does not specify the size and location of image segments. 

Therefore, different size bond-pads in different locations 

may also be recognized. To make the parser size and 

location independent, knowledge about the image is utilized 

to find proper locations for image segments. For example, 

when the <frame> is recognized, the starting point of the 

<overcoat> is searched for within the <frame> because the 

<overcoat> is included in the <frame>. 

As described in chapter three, the output of the fuzzy 

image parser is not given as "acceptance" or "rejection" of 

the image to be analyzed; instead, the degree of certainty 

assigned to each image segment is used to decide whether the 

image segment is acceptable or not. Figure F.l(a) is an 

acceptable bond-pad image. A defect on the protective 

overcoat is created on Figure F.l(a) resulting Figure F.l(b) 

which is regarded as a defective bond-pad. Threshold value 

0.5 is used for all image objects. 

Output of the Parser 

The output of the image parser for a good bond-pad as 

shown in Figure F.l(a) is as follows: 

LINE 12 146 152 158 152 0.00 0.00 1.00 1.00 1.00 
LINE 99 156 154 255 153 -0.01 1.00 1.00 1.00 0.99 
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Parsing <Bondpad>. 
Parsing <Frame>. 

LINE 98 256 153 354 151 -0.02 
LINE 24 355 151 379 150 -0.02 

Symbol EDGE identified, 
length = 23 3 
direction = 0.01 
deviation = 1.31 
certainty = 0.98 

LINE 32 379 267 347 268 
LINE 29 346 269 347 298 

Symbol EDGE identified, 
length = 3 2 
direction = 3.12 
deviation = 0.98 
certainty = 0.97 

LINE 44 345 297 301 298 3.12 1.58 1.00 1.00 0.96 

Symbol CORNER identified, 
angle = -1.56 
corner point = (347 268) 
certainty = 0.95 

Symbol EDGE identified, 
length = 2 9 
direction = 1.56 
deviation = 1.58 
certainty = 0.95 

Symbol CON_EDGE identified, 
length = 145 
direction = -1.57 
connection points : (379, 0) (379, 267) 
connector width = 115 
certainty = 0.95 

LINE 99 300 298 201 300 3.12 1.95 1.00 1.00 0.98 

Symbol CORNER identified, 
angle = 1.56 
corner point = (347 298) 
certainty = 0.95 

LINE 57 200 301 143 301 3.14 1.80 1.00 1.00 0.97 
LINE 99 144 300 143 201 -1.57 0.07 1.00 1.00 1.00 



114 

Symbol EDGE identified, 
length = 202 
direction = -0.02 
deviation = 1.95 
certainty = 0.96 

LINE 46 143 200 144 154 -1.56 1.01 1.00 1.00 0.98 

Symbol CORNER identified, 
angle = 1.57 
corner point = (143 301) 
certainty = 0.97 

Symbol EDGE identified, 
length = 146 
direction = 1.57 
deviation = l.oi 
certainty = 0.98 

Symbol FRAME identified. — Threshold 0.50 
corners: (146, 152) (347, 268) (347, 298) (143, 301) 
connection points : (379, 150) (379, 267) 
certainty = 0.95 

LINE 99 155 160 254 159 -0.01 1.48 1.00 1.00 0.99 
LINE 80 255 159 335 158 -0.01 1.67 1.00 1.00 0.98 
Parsing <Overcoat>. 

LINE 99 335 160 337 259 1.55 1.20 1.00 1.00 0.99 

Symbol EDGE identified, 
length = 180 
direction = 0.01 
deviation = 1.67 
certainty = 0.98 

LINE 29 337 260 337 289 1.58 1.58 1.00 1.00 0.95 

Symbol CORNER identified, 
angle = 1.56 
corner point = (3 35 158) 
certainty = 0.98 

LINE 99 335 290 236 292 3.12 1.98 1.00 1.00 0.98 

Symbol EDGE identified, 
length = 129 
direction = -1.56 
deviation = 1.58 
certainty = 0.95 
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LINE 81 235 292 154 293 3.13 1.22 1.00 1.00 0.98 

Symbol CORNER identified, 
angle = 1.54 
corner point = (337 289) 
certainty = 0.95 

LINE 99 154 291 153 192 -1.58 1.34 1.00 1.00 0.99 

Symbol EDGE identified, 
length = 181 
direction = -0.02 
deviation = 1.98 
certainty = 0.98 

LINE 30 153 191 153 161 -1.56 1.28 1.00 1.00 0.96 

Symbol CORNER identified, 
angle = 1.58 
corner point = (154 293) 
certainty = 0.98 

LINE 20 152 158 172 157 -0.04 1.13 1.00 1.00 0.94 

Symbol EDGE identified, 
length = 130 
direction = 1.56 
deviation = 1.34 
certainty = 0.96 

Symbol OVERCOAT identified. — Threshold 0.50 
corners: (155, 160) (335, 158) (337, 289) (154, 293) 
certainty = 0.95 

Symbol B0NDPAD_1 identified. — Threshold 0.50 
corners: (146, 152) (347, 268) (347, 298) (143, 301) 
connection points : (379, 150), (379, 267) 
certainty = 0.95 

A defective bond-pad as shown in Figure F.l(b) is 

identified as a bond-pad with the degree of certainty 0. 

The defect on the protective overcoat produces a syntactical 

error which causes the attribute "certainty" of the image 

object <overcoat> to be 0. This value is propagated to the 



0 . 0 0 
1 .00 

1 .00 
1 .00 

1 .00 
1 .00 

1 .00 
0 . 9 9 

1 . 3 1 
0 . 3 8 

1 .00 
1 .00 

1 .00 
1 .00 

0 . 9 9 
0 . 9 8 

3 . 1 2 
1 .56 

0 . 9 8 
1 .58 

1 .00 
1 .00 

1 .00 
1 .00 

0 . 9 7 
0 . 9 5 

116 

higher-level image object <bondpad> according to attribute 

evaluation rules defined in the grammar. The output of the 

image parser is as follows: 

LINE 12 146 152 158 152 0.00 
LINE 99 156 154 255 153 -0.01 

Parsing <Bondpad>. 
Parsing <Frame>. 

LINE 98 256 153 354 151 -0.02 
LINE 24 355 151 379 150 -0.02 

Symbol EDGE identified, 
length = 23 3 
direction = -0.01 
deviation = 1.31 
certainty = 0.98 

LINE 32 379 267 347 268 
LINE 29 346 269 347 298 

Symbol EDGE identified, 
length = 3 2 
direction = 3.12 
deviation = 0.98 
certainty = 0.97 

LINE 44 345 297 301 298 3.12 1.58 1.00 1.00 0.96 

Symbol CORNER identified, 
angle = -1.56 
corner point = (347 268) 
certainty = 0.95 

Symbol EDGE identified, 
length = 2 9 
direction = 1.56 
deviation = 1.58 
certainty = 0.95 

Symbol CON_EDGE identified, 
length = 145 
direction = -1.57 
connection points : (379, 0) (379, 267) 
connector width = 115 
certainty = 0.95 

LINE 99 300 298 201 300 3.12 1.95 1.00 1.00 0.98 
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Symbol CORNER identified, 
angle = 1.56 
corner point = (347 298) 
certainty = 0.95 

LINE 57 200 301 143 301 3.14 1.80 1.00 1.00 0.97 
LINE 99 144 300 143 201 -1.57 0.07 1.00 1.00 1.00 

Symbol EDGE identified, 
length = 202 
direction = 3 . 1 2 
deviation = 1.95 
certainty = 0.96 

LINE 46 143 200 144 154 -1.56 1.01 1.00 1.00 0.98 

Symbol CORNER identified, 
angle = 1.57 
corner point = (143 301) 
certainty = 0.97 

Symbol EDGE identified, 
length = 146 
direction = 1.57 
deviation = 1.01 
certainty = 0.98 

Symbol FRAME identified. — Threshold 0.50 
corners: (146, 152) (347, 268) (347, 298) (143, 301) 
connection points : (379, 150) (379, 267) 
certainty = 0.95 

LINE 99 155 160 254 159 -0.01 
LINE 80 255 159 335 158 -0.01 

Parsing <Overcoat>. 

LINE 99 335 160 337 259 1.55 1.20 1.00 1.00 0.99 

Symbol EDGE identified, 
length = 180 
direction = -0.01 
deviation = 1.50 
certainty = 0.98 

LINE 29 337 260 337 289 1.58 1.58 1.00 1.00 0.95 

Symbol CORNER identified, 
angle = 1.56 
corner point = (335 158) 
certainty = 0.99 
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LINE 78 335 290 257 292 3.12 1.98 1.00 1.00 0.97 

Symbol EDGE identified, 
length = 129 
direction = 1.56 
deviation = 1.58 
certainty = 0.95 

LINE 26 256 292 230 295 3.03 1.87 1.00 1.00 0.93 

Symbol CORNER identified, 
angle = 1.54 
corner point = (337 289) 
certainty = 0.95 

Symbol EDGE identified, 
length = 105 
direction = 3.09 
deviation = 1.98 
certainty = 0.93 

Symbol EDGE identified, 
length = 26 
direction = 3.03 
deviation = 1.87 
certainty = 0.93 

Symbol OVERCOAT identified. — Threshold 0.50 
corners: (155, 160) (335, 158) (337, 289) (0, 0) 
certainty = 0.00 

Symbol B0NDPAD_1 identified. — Threshold 0.50 
corners: (146, 152) (347, 268) (347, 298) (143, 301) 
connection points : (379, 150), (379, 267) 
certainty = 0.00 
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