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ABSTRACT 

Defect review and classification are time consuming, monotonous, 

fatiguing, and very subjective tasks. Large amount of variability has been 

observed from different operators, same operator for the same wafer, fi'om 

wafer to wafer, or from day to day depending on the type of defects observed. 

This research hypothesizes the problem as due mainly to the graded 

structure of semiconductor defect categories. Every category exhibits a 

graded structure. Graded structure refers to degree of membership 

representation from the most typical to atypical members of a category to 

those nonmembers that are least similar to the category members. 

Two levels of categorization and therefore two levels of graded 

structures occur in knowledge-based defect classification which can adversely 

affect the performance of the system. The first level of graded structure 

occurs in the design of defect knowledge base when the defect expert 

describes defect categories in terms of defects' visual features using hnguistic 

variables. Feature values which are acquired subjectively and represented in 

natural language are most subjected to the hmitation associated with graded 

structure. Graded structure level two occurs in the actual defect classification 

where feature similarities between the actual defect and the categorical 

defects are compared. 

The focus of this research is minimization of the effect of graded 

structure in automated defect classification for patterned semiconductor 

wafers. This research provides insights into the use of standardization and 

feature combination as a way to minimize the effect of graded structure on 

categorization. Level one graded structure can be minimized by 

standardizing defect features, e.g. by representing them as fuzzy sets. The 

level two graded structure can be minimized by combining human-based and 
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computationally-derived defect features in categorization. Human generated 

object features are directly visible and recognizable to a human obsei'ver 

while computationally-derived features are not directly perceptible by 

humans . 

The result of the experiments show that classification accuracy does 

not increase when standardized human-based features alone are used. 

However, when both standardized human-based and computationally-

derived features are used together, classification accuracy for data set I 

increases from 65.5 % to 74.5% for the exemplar-based system; from 39.1% to 

56.4% for the prototjrpe system using minimum centroid distance (MCD) 

technique; and from 59.1% to 62.7% for the prototype system using family 

resemblance (FR) technique. For data set II, the classification accuracy 

increases from 30.9 % to 39.7% for the exemplar-based system; from 14.7% to 

27.9% for the prototype system using MCD technique; and from 16.2% to 

17.6%o for the prototype system using FR technique. There is a significant 

increase in the prototjrpe system's classification accuracy using MCD when it 

is used to classify poor images. This may be due to the utilization of the rule 

grouping techniques that increases defect attribute value ranges and 

therefore broaden the category acceptance criteria for a particular attribute. 

This research is Hmited in two major aspects. First, the classification 

is based only on family resemblance; it uses similaiity and dissimilarity 

among defect features as criteria for classification. Second, the defect 

knowledge base does not contain domain knowledge such as device design, 

manufacturing processes, and inspection knowledge. 
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CHAPTER I 

INTRODUCTION 

Semiconductor manufacturing is both a technoIogicaUy and 

proceduraUy complex problem. It is set within a rapidly changing and 

extremely competitive environment where a premium is placed on rehabiMty 

and predictabiUty. Wafer fabrication, where bare siUcon wafers are treated in 

several hundred unit process steps to produce integrated circuits, is the 

center of this complex manufacturing process. As market demand for smaUer, 

faster and more powerful integrated circuits increases, manufacturing Unes 

must develop and introduce new processes with tighter control and shorten 

product development times. At the same time, maintaining profitabiUty of 

s tandard product Unes means reducing manufacturing scrap to improve 

productivity, and reducing process variation to buUd in quaUty at every step 

in the Une. There is a great deal at stake; a smaU improvement in yield can 

mean milUons in annual profit. 

The trend in semiconductor device manufacturing points toward the 

minimum geometry shrinking from the current 0.5 pim to 0.25 |im; the "kiUer 

defect"! size has decreased to 500 angstroms by the late 1990's (Larrabee, 

1987; WiUits, 1995). As die size increases and device geometries decrease, 

process yields decrease correspondingly. Decreases in device geometries also 

increase particle^ population exponentiaUy (Su and Lian, 1989). Early defect 

detection and quicker diagnosis of defect causes would improve yield 

^ Defect whose size is greater than 1/3 of the device geometry. 

2 Particle is the most common type of contamination in semiconductor 
manufacturing. Its effects range from negUgible (no effect on performance) to 
kiUer (impairs performance significantly). 



significantly. Classification data provide information for process control and 

yield management, since information about defect classes leads to defect 

causes or consequences (Chou et al., 1993; Shiau et al., 1995). 

In current state, defect review and classification depends significantly 

on human operator who must be trained to acquire certain level of 

classification expertise. Furthermore, defect review and classification is time 

consuming, monotonous, fatiguing, and very subjective. Automated defect 

classification system seeks to address the above problems by reducing human 

interaction and human subjectivity. Requirements for such system are that it 

performs at equal to or better speed that human counterpart and provides 

more consistent and accurate results from wafer-to-wafer, lot-to-lot, and 

time-to-time (Breaux et al., 1994; Breaux and Singh, 1995; Chou et al., 1993; 

Luria et al., 1993). 

In semiconductor defect classification, examples of some defects or 

certain classes of defects are scarce. The variabiUty in the cause of such 

defect classes is high. In such circumstances, statistics-based classifiers, 

including various forms of neural nets, Bayesian and nearest neighbor 

classifiers, and other data driven learning systems do not appear to be 

suitable (Chou et al., 1993). As a result, knowledge-based defect classification 

has gained popularity among researchers. 

Knowledge-Based Defect Classification 

Knowledge-based defect classification is a feature-based classification 

system. Such systems use simUarity among defect features or attributes^ as a 

basis for category membership, although they might utiUze other secondary 

3 The terms "feature," "attribute," and "descriptor" are used 
interchangeably throughout this dissertation. 



knowledge, i.e., device and process knowledge. Categorization based on 

matches or mismatches among simUar attributes is termed as "family 

resemblance" by Wittgenstein (1953). In famUy resemblance, the category 

membership of an exemplar increases with the frequency of the properties it 

shares with members of its own category, and decreases with the frequency of 

properties it shares with members of contrasting categories. Less formaUy, 

famUy resemblance increases with within-category simUarity and decreases 

with between-category simUarity. 

Knowledge about defects is acquired from or created by experts (e.g., 

quaUty assurance personnel). At minimum, a defect knowledge base contains 

information about defect feature types and their corresponding values. A set 

of these defect features and their values represents a defect category. Feature 

selection is a crucial par t of any classification system (Chou et al., 1993). It is 

not necessary to represent features with physical interpretation since the 

classification system could operate on some abstract combination of image 

pixel values. Most features have ordinal^ values. Feature-value assignment is 

a categorization of its own. To assign a value for a feature, e.g., roundness 

(see Figure 1), which may have ordinal values from very round, round, not 

round, to very not round, the expert has to assign the feature to the most 

simUar Unguistic variable. Figure 1 shows that the degree of deviation from 

roundness, r, decreases or increases as the defect feature approaches very 

round" or "very not round," respectively. Without referring to any sample 

image or graphical representation that describes the Unguistic variable 

"round," people would have a difÊcult time distinguishing different values of 

that variable. 

' Ordinal measurement requires that the objects of a set can be rank-
ordered on an operationaUy defined characteristic or property. 



(a) r = 88 (b) r = 103 (c) r = 135 (d) r = 192 (e) r = 400 

Figure 1. Different Degrees of Deviation from Roundness. 

Therefore, two levels of categorization occur in knowledge-based defect 

classification. First categorization is conducted in feature-value assignment 

during creation of the defect knowledge base. Then the actual defect 

classification—in which simUarity between actual defect features are 

compared against features of categories stored in the defect knowledge base. 

Figure 2 shows the two levels of categorization/graded structure in a 

knowledge-based classification. These two levels of categorization are 

different from Barsalou's (1991) definitions oíprimary and secondary 

categorizations. He defined aprimary categorization as a person's initial 

categorization of an entity, and a secondary categorization as any subsequent 

categorization or refinement oîiheprimary category. 
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Figure 2. Two Levels of Categorization/Graded Structure. 

Problem Statement 

Classification of defects draws heavUy on the judgment and 

interpretation of the individual who happens to be performing the defect 

classification at the time (Breaux et al., 1994; Breaux and Singh, 1995; Chou 

et al., 1993; Luria et al., 1993). In spite of the large amount of effort invested 

in training operators to perform defect review and classification, a large 



amount of variabiUty has been observed. Significant variabiUty can be 

obtained even from the same operator for the same wafer, from wafer to 

wafer, or from day to day depending on the type of defects observed (Breaux 

and Singh, 1995). This problem is due mainly to the graded structure of 

semiconductor defect categories (Wong, 1994). Every category exhibits a 

graded structure, and no other factor goes as far in accounting for 

categorization performance (Barsalou, 1992). Graded structure refers to 

degree of membership representation from the most typical to aitypical 

members of a category to those nonmembers that are least simUar to the 

category members (Barsalou, 1987). Figure 3 shows graded structure of 

categories. Category A is represented by shaded circles or areas. The areas 

represent continuous membership of a category from the most typical 

(innermost circle) to atypical (the uttermost circle) members of the category. 

Other, unshaded, circles represent nonmembers of A or different categories 

that have the least simUarities with members of A. For example, a 

nonmember D shares the least simUarities with a member of A that is 

atypical of that category. These type of categories have also been discussed 

by Zadeh (1965) in his fuzzy-set theory. 

As mentioned above, two levels of categorization occur in knowledge-

based defect classification. Multiple level graded structures can adversely 

affect the performance of knowledge-based classification systems. On the first 

level, graded structure plays an important role in the design of a defect 

knowledge base-it influences the way in which a human expert describes 

defect categories. Since the descriptions of these categories wiU be 

assimUated into the defect knowledge base for use as criteria for 

classification, any misrepresentation of them wiU Ukely result in some 

increase in misclassification rate. Feature values that are acquired 



subjectively and represented in natural language are most subject to the 

Umitations associated with graded structure. 

Category A 

Most typical members of A 

Atypical members of A 

Degree of similarity or typicality 

Figure 3. Graded Structure of Categories. 

On the second level, graded structure plays an important role in actual 

defect classification. Current research in visual classification emphasizes 

ease of defect category acquisition and detaU of category representation 



based on expert descriptions using natural language interfaces, abundant 

sets of predicates and modifiers (Luria et al., 1993), and automated feature 

extraction^ (Pedrycz et al., 1991). However, no research deals directly \\:ith 

the source of the problem, i.e., graded structure, by minimizing its effect on 

categorization. 

Research Issues and Obiectives 

As mentioned previously, a multi-level graded structure affects the 

performance of knowledge-based visual classification systems, producing 

adverse effects with which current research has not dealt. Instead, current 

techniques attempt to work around the problem by utiUzing the methods 

mentioned above. In contrast, this research deals directly with the graded 

structure. The focus of this research is minimization of the effect of giaded 

structure in automated defect classification for patterned semiconductor 

wafers. 

One possible reason for the existence of graded structure is that people 

have the abiUty to construct a wide range of concepts in working memory for 

the same category (Barsalou, 1987). Barsalou (1987, p. 118) further stated 

that "depending on the context, people incorporate different information from 

long-term memory into the current concept that they construct for a 

category." This research explores the use of two methods to minimize the 

effect of graded structure in semiconductor defect classification: first, 

standardization of defect feature descriptions, and second, supporting human 

generated features with computationaUy-derived features. The overaU 

objective of this research is to investigate the performance of the two 

^ Fixed and predefined number of attributes. 
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methods, specificaUy designed to minimize the effect of graded structure on 

automated defect classification. 

Research Outcomes and Significance 

The principal outcome of this research are: (1) a conceptual model of 

an Integrated human-machine Visual Concept formation System (IVCS); (2) 

a protot5T)e system based on the conceptuad model that implements the two 

methods described above; and (3) analysis of results obtained from 

experiments using them. The prototype system can be utiUzed to faciUtate 

the design of a defect knowledge base that minimizes the effect of graded 

structures. 

This research provides several benefits for the automated visual 

inspection system research community. First, this research seeks to go 

beyond formal knowledge acquisition in developing defect knowledge-based 

system by incorporating techniques from cognitive science in the area of 

concepts and categorizations to deal with graded structure problems. Second, 

this research provides insight into the use of standardization and feature 

combination as a way to minimize the effect of graded structure on 

categorization. 

Structure of the Dissertation 

Chapter II provides a review of the relevant Uterature and explores the 

interdiscipUnary nature of the research. In particular, it covers Uterature 

relevant to categorization models, graded structure phenomena in 

categorization, Umitation of human information processing, and fuzzy logic. 

Chapter III presents the conceptual model for the IVCS, from which a 

prototjT^e system wiU be developed and used to vaUdate research outcomes. 

The foUowing chapter, Chapter IV, describes experimental design which 

9 



involves development of hypotheses, measurement of the outcomes, .setup 

and conduct of the experiment. Chapter V presents data coUection and 

analysis of results; it also describes some factors which may influence the 

outcomes of this research. The concluding chapter, Chapter VI, examines the 

contributions of this research in more depth. Significant Umitations are also 

addressed in this chapter as weU as suggestions of some possible future 

research. 

10 



CHAPTER II 

LITERATURE SURVEY 

Relevant Uterature pertaining to models of categorization, graded 

structure of concept categories, fuzzy logic, and Umitations of human 

information processing covers current techniques avaUable to deal with 

graded structure problems. Four commonly recognized categorization models: 

(a) classical; (b) exemplar; (c) prototype; and (d) knowledge-base are 

discussed in the next section. The foUowing section discusses the most 

common feature of categorization-graded s tructure- in detaU, foUowed by 

fuzzy logic and Umitations of human information processing. 

Models of Categorization 

Concepts and categories serve as buUding blocks for human thought 

and behavior. A concept is an idea that includes aU that is characteristicaUy 

associated with it (Medin, 1989). No operational means is avaUable to 

determine what is and is not an idea, what constitutes characteristicaUy 

associated with an idea. A category is a partitioning or class of entities to 

which some assertions or set of assertions may be appUed to those entities to 

form a concept. Major models of categorization are: classical, exemplar, 

prototype, and knowledge-base. Each type of model makes different 

assumptions about the representation of categories in memory, and about the 

processes tha t operate on these representations to produce categorizations 

(Barsalou, 1992). 

ClassicalModel 

In the classical model, rules underUe categorization. An ideal rule 

specifies defining features, properties that are individuaUy necessary and 

11 



jointly sufficient, for category membership. An entity belongs to a category 

only if it strictly satisfies the category's rule-category membership is aU-or-

none. Figure 4 depicts the classical categorization model. 

Problems with this model are that many categories do not have clear 

definitions or defining features (Barsalou, 1992; Medin, 1989) and exemplars 

vary substantiaUy in how weU they match their category prototype, a 

phenomenon caUed graded structure (Barsalou, 1987, 1992; Medin, 1989; 

Rosch and Mervis, 1975). 

Rule 

Defining Features = { circle, small, three vert.bars } 

Defining Featitres = { circle, small, four hor. bars } 

Defining Features = { square, small, gray } 

Real World Events 

Figure 4. Classical Categorization. 

Exemplar Model 

According to the exemplar model, people represent a category with 

memories of exemplars that they encounter in daUy experience as shown in 

Figure 5. These exemplar memories are not abstracted into general category 

knowledge. Syntactic-based classification utiUzes exemplar categorization, 

since rules in the knowledge base are derived from single images or from the 

model's design specifications. See Hahn (1989) for further information on 

syntactic-based automated visual inspection. To categorize an unknown 

entity, the cognitive system attempts to find, in a form of paraUel search. the 

12 



exemplar memory that is most simUar to the entity. Upon finding the most 

simUar (or other decision rules) exemplar memory, the cognitive system 

assigns the category associated with it to the unknown entity. The primary 

advantage of exemplar models is their abiUty to account for people's 

acquisition of poorly specified categories (Barsalou, 1992). 

One possible problem with this model is its assumption that the 

cognitive system stores a tremendous amount of idiosyncratic exemplar 

information for categories. The exemplar model tends to be conservative 

about discarding information that faciUtates predictions (Medin, 1989). 

Another obvious problem is that the model aUows any set of examples to form 

a category. And finaUy, a more serious problem is that people clearly possess 

numerous abstractions about categories that they induce from exemplars 

(Barsalou, 1992). An expert system classifier based on this model sufí'ers 

from not knowing when exemplars are enough to represent a defect class. 

Accumulation of exemplars not only requires a tremendous amount of 

memory and processing power, but also makes the classification more 

difÊcuIt since classes may overlap in each others. 

Exemplar 
Memory 

Real World 
Events 

Figure 5. Exemplar Categorization. 
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Prototvpe Model 

According to most prototype models, the cognitive system abstracts 

properties that are representative of a category's exemplars and integrates 

them into a category prototype. In other words, based on experience with 

examples of a category, people abstract out the central tendency or prototype 

that becomes the summary mental representation for the category (Medin, 

1989). Figure 6 exhibits a prototype categorization model. Most expert system 

based classifications utiUze prototype models, since the category descriptions 

are obtained from experts' central tendency. To categorize an unknown 

entity, the cognitive system compares the entity's structural description to 

the prototype associated with each possible category. As with the exemplar 

model, the prototjrpe model assumes maximizing simUarity in categorization 

to optimize classification accuracy. The prototj^^e model works weU for 

categories whose exemplars vary widely and have nothing in common, and 

that are poorly specified (Barsalou, 1992). 

Knowledge/ 
Experience Abstraction 

Category 

'C ass 1 

Class 2 

Class n 

Real World 
Events 

Figure 6. Prototype Categorization. 
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One possible problem with this model is that it faUs to specify 

constraints on the abstraction process. In principle, the cognitive system 

could abstract an infinite number of properties for a given category. However, 

as Barsalou (1992) suggested, prototype models must place principled 

constraints on abstraction, such that they abstract only those properties 

relevant to goals of the cognitive system. Another possible problem is that the 

model treats features as independent entities. Medin et al. (1987) suggest the 

necessity to consider the types of relationships, operations, and 

transformations in which properties are involved. 

Knowledge-Based Model 

The knowledge-based model, on the other hand, is based on the 

assertion that categorization of concepts is knowledge-based and driven by 

theories about the world (Fisher and Pazzani, 1991; McCauIey, 1987; 

Murphy and Medin, 1985). Classification is not simply based on a direct 

matching of properties of the concept with those in the example, but rather 

requires that the example have the right "explanatory relationship" to the 

theory organizing the concept (Medin, 1989). Figure 7 shows the knowledge-

based categorization model. An appropriate classification system that is 

based on this model must be able to learn from the environment; such a 

system is caUed an autonomous learning system (Shen, 1994). Since most 

autonomous learning systems only work in experimental laboratories, a more 

practical example for a system based on this model is an expert classification 

system that incorporates domain knowledge, such as device knowledge, 

process knowledge, and operator knowledge. 

15 



World Knowledge 

Device Architecture 
Manufacturing Process 
Clean-Room Env. 
Material Handling 
Inspection Procedures ^ 
VLSI Design 
Others 

Category 
^ ^ 

í Class 1 ] ; 

Class 2 

( 

V 
Class n 

Real World 
Events 

Explanatory 
Relationship 

Figure 7. Knowledge-Based Categorization. 

Graded Structure 

As mentioned in the previous chapter, graded structure refers to 

degree of membership representation from the most typical to atypical 

members of a category to those nonmembers that are least simUar to the 

category members (Barsalou, 1987). It does not refer to cognitive structure. 

Instead it simply refers to behavior, that is, to how people order exemplais in 

categories according to t^rpicaUty (Barsalou, 1987). Graded structure is a 

fundamental phenomenon of categorization. Every category exhibits giaded 

structure and no other factor goes as far in accounting for categorization 

performance (Barsalou, 1992). 

An approach common to exemplar and prototjT^e classification is to 

maximize simUarity within each category and dissimUarity between 

categories-famUy resemblance. That is, things are grouped into categories 

because their properties are simUar. 

It appears that people use a variety of differences between exemplars 
when judging typicaUty. Instead of there being any single determinant 
or invariant set of determinants responsible for typicaUty, there 
appears to be such a large class of determinants that it is impossible to 

16 



specify completely and that depends to some extent on the category 
and on the context in which it is perceived. (Barsalou, 1987, p. 104) 

The above statement suggests that almost any difference between a 

category's exemplars could be used to order them by tjrpicaUty, given the 

appropriate context. For example, a "short" defect may be classified as 

"particle" by operator whose job assignment is to perform routine particle 

count since "particle" is the most common type of defect and a metal particle 

causes an electrical short. However, the same defect may be classified as 

"kiUer short" by a quaUty assurance operator whose job is to "bin" die into 

scrap and usable categories, on the other hand, a quaUty control engineer 

may classify the same defect as "inadequate post-plane cleanup" because his 

job is to diagnose the cause and make changes to improve yield. This 

dissertation concentrates on famUy resemblance of visual characteristics in a 

Umited context, i.e., device architecture and process level. The context is 

Umited due to the fact that defect types, in general, are specific to process 

layers and potentiaUy even to particular product famiUes, depending on the 

processing methods used (Breaux and Singh, 1995). 

Sources of Graded Structure 

Barsalou (1985, 1987, 1992) has indicated some possible sources of 

graded structure: (1) central tendency; (2) ideals; and (3) frequency of 

instantiation. First, central tendency refers to prototypical or representative 

information of a category's members. The general notion is that, based on 

experience with examples of a category, people abstract out the central 

tendency or prototype that becomes the summary mental representation for 

the category (Medin, 1989). Central tendency represents category knowledge 

more accurately as more exemplars are learned (Barsalou, 1991). Central 

tendency information can be defined as modal or average properties 
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abstracted from exemplars, as one very representative exemplar, as several 

very representative exemplars, as modal correlations of properties, or a.s 

various other forms (Smith and Medin, 1981). 

Second, the term ideals refers to how closely an exemplar 

approximates ideal characteristics relevant to a goal the category serves. For 

example, a "short" is an abnormal connection of relatively low resistance 

between two points of a circuit. The result is a flow of excess, often damaging, 

current between these points. The above definition of "short" can be 

rephrased into a goal statement, i.e., to short a circuit one could connect two 

points between conductors by bridging them with low resistance material 

such as metal. Exemplars with their positions located across two metal 

conductors (brighter vertical bars in Figure 8) indicate close proximity to the 

goal of "short" defect. To classify the exemplars as "short," one needs to 

ensure that the exemplars are made of low resistance material. 

Figure 8. Short between Metal Conductors. 

Third, frequency of instantiation refers to perceived frequency as 

instantiating its category. Perceptions of how frequently exemplars 

instantiate their category, rather than famUiarity with exemplars, appeais to 
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be the measure of typicaUty that is most central to graded structure 

(Barsalou, 1987). In other words, exemplars become more typical as their 

frequency of instantiation increases. 

Between-Subiect and Within-Subiect ReUabUities 

Between-subject reUabiUty measures the extent of agreement between 

people when they order exemplars by typicaUty. Subject agreement for 

typicaUty generaUy averages around 45 percent (Barsalou, 1985). This means 

that a given person's graded structure wUI correlate about 45 percent on the 

average with another person's graded structure. 

Within-subject reUabiUty is a degree of stabiUty of graded structure 

observed for a particular individual over time. Within-subject reUabiUty 

decreased from around 0.92 at a delay of one hour, to around 0.87 at a delay 

of one day, and to around 0.80 at delays of one, two, and four weeks 

(Barsalou et al., 1986). The degrees of tjrpicaUty and atypicaUty among 

exemplars affect within-subject reUabiUty considerably (Barsalou, 1987, p. 

112): 

... rankings of highly typical exemplars and atypical exemplars were 
least Ukely to change from day one to day two, whereas the rankings of 
moderately tj^ical exemplars were most Ukely to change. 

McCIoskey and Glucksberg (1978) also discovered that the information used 

to judge category membership varies with each individual over time. They 

found that individuals often changed their minds over a one-month period 

about whether an item did or did not belong to a category. 

Fuzzy Logic 

The theory of fuzzy sets was introduced to deal with the representation 

of uncertainty, especiaUy the t j^e of uncertainty that arises from 

imprecision and ambiguity, in the sense of vagueness rather than incomplete 
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information. Cox (1994) uses the term "intrinsic imprecision" to refer to 

imprecise description of the properties of a phenomenon, not lack of precision 

in measurement of the properties using external apparatus. The basic 

concept is tha t of a fuzzy subset of the universe of discourse U, a subset A of 

U, where each element x of U is characterized by the value of a function, 

caUed the membership function mA. mA(x), for x e U, is caUed the grade of 

membership of x in A and is mapped into the entire unit interval [0.1]. A 

specicd case of a fuzzy set is a conventional (crisp) set, where the membership 

function is mapped onto two points {0, 1}. A membership function of a crisp 

set is caUed a characteristic function in which mA(x)=l if and only if x is in A 

and mA(x)=0 otherwise. Figure 9 depicts membership functions for both crisp 

and fuzzy sets. 

mA(x) ^ 

1.0 

Characteristic 
Function 

0.0 

Fuzzy 
Membership 

Function 

Figure 9. Fuzzy Membership and Characteristic Functions. 

Let A and B be arbitrary assertions; mA and ms e F(X) and Vx 

Below are some of the basic operations introduced by Zadeh (1965): 

1. EquaUty : A = B <=> mA(x) = mB(x), 

2. Intersection : mA,̂ B(x) = min { mA(x), mB(x)}, 

X. 
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3. Union : mA,̂ B(x) = max { mA(x), mB(x)}, 

4. Complement : m^A(x) = 1 - mA(x), 

5. Containment : A c B <=> mA(x) < mB(x). 

The modeler must design membership functions based on their potential 

appUcation and desired properties of the fuzzy sets. Examples of basic 

properties are: (1) normaUty; (2) monotonicity; and (3) symmetry. According 

to the normaUty property, a member that satisfies category requirements is 

given a membership value of one. The closer a member comes to satisfying 

category requirements, the closer its membership value approaches to one, 

and conversely. This property is referred to as monotonicity. Symmetry 

means members equaUy far left and right of a symmetric function, e.g., a 

beU-shape, triangular, or trapezoidal membership function, should have 

equal memberships. For example, in a triangular membership function, 

shown in Figure 10, point X2 and X4 have the same degree of membership of 

0.6 in the set. 

X3 X4 X5 

Figure 10. Symmetry Property of a Triangular 
Membership Function. 

The number of fuzzy set membership functions and the shapes depend 

on the required accuracy, responsiveness, and stabUity of the system, ease of 
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implementation, manipulation, and maintenance. Trapezoidal and 

tr iangular membership functions are the most common and have proven to 

be good compromises between effectiveness and efficiency (Viot, 1993). In 

order to construct the above fuzzy sets, a designer simply has to Ust a series 

of membership t ruth values between [0,1]. Referring to Figure 10 above, the 

designer needs only to specify three membership t ruth values {0. 1. 0}. These 

values are spread out evenly across the domain (xi-x-,), and Unear 

interpolation is used to produce a final fuzzy contour; xi corresponds to truth 

value 0, X3 to 1, and X5 to 0. In other words, the designer need only sketch out 

the t ru th of the surface; the underlying domain points are picked up 

automaticaUy (Cox, 1994). 

The fuzzy set representation of Unguistic variables standardizes the 

semantic meaning of those variables. Refer to Figure 1 on page 4 which is the 

result of categorization of a defect's roundness feature into Unguistic 

variables: very round (VR), round (R), not round (NR), or very not round 

(VNR). If the operator has estabUshed fuzzy sets for representing the 

"roundness" feature, such as shown in Figure 11, then the classification of 

the defect feature into Unguistic variables is a mechanical process. 

Figure 11. Roundness Membership Functions. 
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Limitations on Human Information Processing 

Success of a defect classification system is influenced by the capabUit\ 

of a human expert to describe defect categories. Understanding human 

information processing, i.e., its capabUities and Umitations, is particularly 

important since a defect knowledge base contains knowledge of the human 

expert. This section describes some findings about the Umitations of human 

information processing, particularly in the areas of memory and visual 

perception. 

MiUer (1956) found that the number of symbols human can hold in 

short-term memory and process efí'ectively is from five to nine but with a 

common Umit of seven. Humans quickly become "overloaded" when more 

than seven factors are involved, so that they tend to make choices at random. 

This 7 ± 2 Umit reflects human capacity to process codes, quantities, and 

other data, excluding language comprehension (Davis, 1974). Davis further 

states tha t the appUcation of the Umits 7 ± 2 to codes is important because 

information processing depends heavUy on the use of codes. This finding is 

also important in famUy resemblance classification. Because a classification 

system may employ more than nine features and nine categories, the human 

expert may describe defect categories based only on what he or she 

remembers about the categorical features. Other important features may not 

be used in describing the defect categories. 

Visual Limitations 

The human eye can only perceives the electromagnetic spectrum 

between 400-800 nm (Pau, 1990). Beyond this visible range are infrared, 

ultraviolet, X-ray, and radio waves. Another Umitation is that the human eye 

can detect only in the neighborhood of one to two dozen intensity levels at 

any point in a complex image (Gonzales and Wintz, 1987). By foUowing the 
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eye as it scans a scene, the human eye accommodates more mtensity levels to 

create a much larger range of overaU intensity discrimination. 

The human visual system tends to concentrate on edges and to ignore 

uniform regions (HUdreth, 1983). This capabiUty, caUed visual inhibition, 

aids extraction of boundaries and edges. The presence of the Mach band 

effect is the result of this behavior. Consider the grey level bar chart shown 

in Figure 12, where each bar has a uniform intensity. Human vision does not 

perceive them as uniform, but as exhibiting increased contrast along the 

width of the bars. 

I 

Figure 12. Mach Band Effect. 

Visual lUusions. An iUusion involves the misjudgment of some specific 

feature of a figure; that is, some dimension in a display is misjudged. Visual 

iUusions do not involve duaUty, the size or orientation are unambiguously 

perceived, but the perception does not correspond to the physicaUy measured 

size or orientation, and the observer's behavior is guided by the misjudged 

dimensions or features (Wade, 1990). Figure 13 gives examples of extent 

iUusions. In general, whenever Unes converge or diverge, the impression of 

distance created wiU distort the perception of any other Unes contained 

within them. Figure 14 shows a contour iUusion, which is produced from 
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corners of opposite polarity. Figure 14 shows orientation Ulusions caUed 

Kaniza square phenomena. This image, which appears to be a bright square 

bounded by the black circles at each corner, does not actuaUy exist. However, 

a human cannot look at this figure without seeing the square. The Mach 

band effect shown in Figure 12 and mentioned above is another visual 

Ulusion. 

(a) Titchener Ulusion: the circle surrounded by 
smaUer circles looks larger than that 
surrounded by larger ones. 

(b) MuUer-Lyer Ulusion: the inward and 
outward pointing arrow heads lead to the 
apparent inequaUty of the horizontal Unes. 

Figure 13. Extent lUusions (Wade, 1990). 
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(c) Horizontal-vertical iUusion: 
the vertical Une appears longer 
than the horizontal, even 
though they are physicaUy 
equal. 

(d) Ponzo iUusion: the upper 
Une appears longer than the 
lower one. 

Figure 13. (continued). 

lUusory contours are 
produced from corners of 

opposite polarity. 

Figure 14. Contour lUusion. 
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(a) Poggendorff Ulusion: the obUque Unes are in 
aUgnment although it appears that the upper one, 
if extended, would pass above the lower one. 

(b) Lipps variant: the circle appears distorted by 
the Unes meeting them or intersecting. 

(c) ZoUner iUusion: the cross-hatched Unes distort 
the apparent orientation of the horizontal Unes. 

Figure 15. Orientation lUusions (Wade, 1990). 
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Summarv 

Graded structure affects the performance of individuals or groups of 

individuals in classifying defects. The reUabiUty of individual performance 

decreases with respect to time, and agreement on typicaUty of exemplars 

with others averages less than fifty percent. Classification of highly typical or 

atypical exemplars are the least Ukely to change the individual's beUef than 

moderately typical exemplars. Semiconductor defect classification faUs 

within the latter. Studies in human information processing indicate that 

humans can hold only a very Umited amount of information in short-term 

memory to be processed effectively. Furthermore, Umitations and side effects 

of perceptual information processing, e.g., visual iUusions, contribute to the 

problems of classification. 

Most expert systems for classification are based on the exemplar and 

prototype models of human categorization. Both systems have their own 

strengths and weaknesses. This research combines the knowledge of human 

categorization, factors affecting the categorization, and software supports for 

categorization to produce a prototype classification system. This system wiU 

be used to determine whether feature standardization and combination of 

human-based and computationaUy-derived features can reduce gi-aded 

structure in defect categorization. 
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CHAPTER III 

CONCEPTUAL DEVELOPMENT OF IVCS 

Graded structure level one refers to categorization of object features 

into Unguistic variables that are used to represent objects in a knowledge 

base. A proposed method to minimize the complexity involved in this process 

is by standardizing object features. One way to achieve feature 

standardization is by defining membership functions for the features. This 

relationship is depicted in Figure 16 below. 

Graded Structure 
Level 1 

Feature Fuzzy 
Sets 

Feature 
Standardizations 

Membership 
Functions 

Figure 16. Relationship Between Graded 
Structure Level 1 and Fuzzy Sets. 

Defect features are represented as membership functions. These membership 

functions are used in the design of defect knowledge base, fuzzification of 

quantitative defect features, and defuzzification of output strength to obtain 

classification result. These processes wUI be discussed in the foUowing 

sections. 

Graded structure level two refers to categorization of unknown objects 

into existing object categories. Object knowledge acquired from a human 

expert, provide criteria for classification. As described in Chapter II, human 

visual perception is affected by the expert's domain knowledge, visual 
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Ulusions, and interaction with other people's opinions. For the pui-pose of this 

research, object features are differentiated as whether they have been 

generated by human or by some form of mechanized measurement. Human 

generated object features are directly visible and recognizable to a human 

observer whUe computationaUy-derived features are not directly perceptible 

by humans . In an automated classification system, both types of these 

features are obtained by predefined image processing algorithms. The high 

level of quaUty variation associated with human generated features can be 

reduced by supporting them with computationaUy-derived features, e.g., color 

histograms, moments, and symboUc primitive features such as Unes and arcs. 

A type of moments is moment invariants which refers to certain functions of 

moments tha t are invariant to geometric transformations such as translation, 

scaUng, and rotation. Such features are useful in identification of objects 

with unique shapes regardless of their location, size, and orientation. 

IVCS Architecture 

The architecture of the IVCS prototype system for automated 

semiconductor defect classification is shown in Figure 17 on the next page. 

The major components of the IVCS are: 

a. Defect detection, 

b. Feature extraction, 

c. Knowledge base, 

d. Feature fuzzification, 

e. Rule evaluation, 

f. Output defuzzification, and 

g. User interface. 

The above components wiU be discussed in detaU in the foUowing 

subsections. 
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Input Image 

Defect Detection 

Feature 
Extraction 

Feature 
Fuzzification 

K B : \ ^ 
Defect 

Knowledge 

KB: 
Membership 

Functions 

Rule 
Evaluation 

£ 
Output 

Defuzzification 

Defect 
Image 

Quanti tat ive 
Defect 

Features 

Degrees of 
Membership 

Output 
Strengths 

Defect 
Categories \ 

I 
User 

Interface 

Figure 17. IVCS Conceptual Model. 
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Defect Detection 

Gross defect detection that produces a defect map-a file containing Ust 

of defect coordinates on a wafer-is a weU developed technology (Luria et al., 

1993). Figure 18 shows a wafer map (display form) and a defect map (tabular 

form). An automated defect classification system uses a defect map generated 

by a gross detection system for detaUed inspection using a review station. 

OffUne defect detection processes are as foUows. 

/ D • •• "N 
/DD D 

• • 

\ • 

\ • 

X 
13000 
60000 
92000 
94000 
5002 
17003 
17589 
8900 

Y 
64000 
12000 
18000 
29000 
9830 
87006 
87800 
45001 

SIZE 
0.04 
0.50 
0.04 
0.11 
0.20 
0.01 
0.32 
0.40 

Figure 18. Wafer Map and Defect Map. 

The review station first aUgns the wafer. Once the wafer is aUgned, 

the review station computer reads defect coordinates from the defect map and 

then moves the wafer to that coordinate. Accurate aUgnment puts the defect 

in the field of view of the inspection microscope to which a camera is 

attached. The automated defect classification system captures the image and 

redetects the defect that is located within the field of view. 

Processing the input image involves functions such as noise 

eUmination, image enhancement, and edge detection in order to determine 

whether a defect is present. If a defect is detected, its boundary is outUned. A 
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semiconductor wafer contains identical dies up to several hundreds and each 

die usuaUy contains logic devices such as transistors and memory. Logic and 

memory components are characterized by nonrepeatable and repeatable 

patterns, respectively. 

One common method of finding a defect in a logic area is by image 

subtraction. This method requires acquisition of a reference image, usuaUy 

from the same coordinates on an adjoining die; it is assumed not to have any 

defect or at least not the same one(s). When the defect image is subtracted 

from the reference image, the remaining pixels are assumed to contain the 

image of any defects, see Figure 19. Digital image subtraction involves 

iterative subtraction of defect image pixel values from reference image pixel 

values as shown in Figure 20. Because of harmless process flecks and 

Ulumination anomaUes such as those caused by reflection on metal, not aU 

pixels in this set of remainder pixels represent defect(s). Detecting defects in 

logic device areas is generaUy more difficult than in memory device areas, 

since it requires reference images captured from neighboring dies, whUe the 

reference pattern can be obtained from the defect image for repetitive 

memory device. Going from die-to-die is affected by wafer aUgnment 

accuracy, wafer flatness and speed of the wafer chuck, reUabiUty of auto-

focus mechanism, and waiting time for the wafer chuck to settle after wafer 

movement is stopped. 
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(a) Current image 
with a defect. 

(b) Reference image. (c) Subtraction 
result; (b) - (a). 

Figure 19. Defect Detection in Logic Device Area. 
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(b) Subtraction result 

Figure 20. Digital Image Subtraction. 

Detecting defects in repeatable areas, on the other hand, requires 

finding repeatable factors in horizontal and vertical directions. Once these 

factors are found, subsequent defects are detected by "moving" a window 

representing these factors throughout the whole image area. As an 

iUustration, Figure 21a represents a defect image with a defect in a memory 

device area. Once the repeatable factors have been found, a window 

containing a minimum set of these factors, represented as smaU rectangle 

numbered 1 in Figure 21b, is used to compare with its neighboring area of 

interest; areas 2 to 6. Image comparison, e.g., subtraction, between window 1 

and 2 produces a defect pixels as shown in window 2 in Figure 2 lc. 
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(a) (b) (c) 

Figure 21. Defect Detection in Memory Device Area. 

Feature Extraction 

Feature extraction is defined as a process of reducing the 

representation of an image into a smaU number of components carrying 

enough discriminating information (Gonzales and Wintz, 1987). Feature 

extraction involves recognition or identification of features, such as shape, 

brightness, location, and size in images, which is a very rich and compUcated 

problem (Russ, 1995). 

Once the boundary of a defect is determined, features required for 

classification are extracted. The outputs of this module are quantitative 

defect features. Defect features are unique in the sense that no two defects, 

even if they are in the same category, have matching feature values. 

Therefore, defect features do not have to be represented in high detaU; it is 

necessary to extract information only from the largest defect in cases in 

which the image contains multiple defects. Constraints on processing time m 

order to achieve an acceptable throughput rate also Umit the number of 

defects processed in each image. 
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Semiconductor defects can be represented by their size, shape. 

brightness, edge sharpness, texture, and other attributes such as 

transparency and number of defects in the field of view. 

Size Representation. The most basic measure of the size of feature in 

images is simply the area. For a pixel-based representation, this is the 

number of pixels within the feature, which is straightforwardly determined 

by counting: 

a. Area = Total number of defect pixels, 

b. Convex Area, and 

c. Major Axis. 

It is not always necessary to measure the individual areas of features to 

determine the important characteristics of the defect. A measure of a defect's 

major axis may be sufficient to represent its size. 

Shape Representation. Human language is frequently insufficiently 

precise to describe actual shapes of objects. Instead, it is common to use a 

prototypical object ("shape Uke a ...") to describe them in daUy conversation--

assuming people do agree in the prototj^ical object they referred to Russ 

(1995). The foUowing is a Ust of computationaUy derived shape features that 

are easUy recognized by a human observer (see Figure 22 for a visual 

description of the parameters ): 

ConvexPerimeter 
a. Convexity = 

Perimeter 

MajorAxis 

MinorAxis 

Area 

b. Eccentricity = 

c. Solidity = 

d. Roundness 

ConvexArea 

4 * Area 

71* MajorAxis' 
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Major 
Axis 

Minor 
Axis 

Perimeter 

Convex 
Perimeter 

Figure 22. Perimeters and Axes. 

Brightness Representation. Brightness refers to a digitized value that 

corresponds to the brightness of a point in the original scene. The most 

typical range of brightness values is from 0 to 255 (8 bit range). However, 

with the advancement of imaging technology, 16- and 24-bit colors are 

gaining popularity for many purposes. Brightness is influenced by surface 

orientation, characteristics of objects under observation, and interplay 

between the Ught source color and surface color. This research does not take 

Ughting effects into consideration. Types of color representations that can be 

used as defect features include: 

a. Directly perceived color representation: the average color of defect 

area and average color of defect edge. 

b. Histogram based color representation: mean, standard deviation, 

energy, and entropy. 
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Edge Sharpness. As stated in Chapter II, human abUity to extract 

boundaries and edges is caused by visual inhibit ion-the tendency to 

concentrate on edges and ignore uniform regions in the image. Edge 

sharpness is measured on any boundary or gradient, formed by foUowing a 

trace of color or brightness differences between the defect and the 

background. 

Texture. Statistical approaches to texture characterization produce 

values such as smooth, coarse, grainy, etc. One of the simplest computational 

approaches for describing texture is to use moments of the gray-Ievel 

histogram of an image region. However, such computed measures of texture 

suffer from the Umitation that they carry no information regarding the 

relative position of pixels with respect to each other (Gonzales and Wintz, 

1987). Texture representation can be enhanced by considering not only the 

distribution of intensities, but also the positions of pixels with equal or 

nearly equal intensity values. 

Let P be a position operator; "one pixel to the right and one pixel 

below," and A be a /̂  x /e matrix whose element aij is the number of times that 

points with gray level zi occur (in the position specified by P ) relative to 

points with gray level zj, with 1 < I, j < k. Let n be the total number of point 

pairs in the image that satisfy P . A matrix C is formed by dividing every 

element of A by n, then cij is an estimate of the joint probabiUty that a pair of 

points satisfying P wiU have values (zi, zj). The matrix C is caUed a gray-level 

co-occurrence matrix. A set of features proposed by HaraUck (1979) are as 

foUow: 

a. Maximum probabUity, Max-j{c.j). 

b. Element-difference moment of order k, ^ ^ ( / - jf c,^. 
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c. Inverse element-difference moment of order ^. X X ^ y ^ ^'" -iy ^"^ J 

d. Entropy, - X Z s ^ o g S • 

e. Uniformity, J^T^c; .2 
'j 

' j 

Other Feature Renresentations. Other feature representations may 

include: 

a. Transparency, 

b. Number of defects in an image or field of view. 

Some defects caused by chemical stains are transparent. Transparency might 

be calculated as the standard deviation of the difference between the defect 

area and the reference area. The standard deviation increases as the 

transparency of the defect decreases. Another important feature 

representation is the number of defects in an image or field of view. However, 

as mentioned previously, time constraints may force the system to predict the 

dominant, i.e., largest or kiUer, defect only. 

Knowledge Base 

The knowledge base contains information pertaining to the features' 

fuzzy sets and defect knowledge. The features' fuzzy sets are represented as 

their membership functions. A defect knowledge base may be designed by 

experts in semiconductor defect analysis or it may be learned from training 

sets as in (Wong, 1993). In automated acquisition of defect knowledge, the 

training sets are preclassified by /e-nearest neighbor (k-NN) classifier. The 

preclassification of defect classes supports the development of defect 

protot5^es, which wiU be used by the defect knowledge. 
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Feature Fuzzification 

Feature fuzzification is the process of assigning a value to represent a 

feature's degree of membership in one or more quaUtative groupings, caUed 

fuzzy sets. The fuzzification process aUows a binding to take place between 

Unguistic terms (blur, moderate, sharp, and so on) and membership 

functions, making the terms meaningful to a computer. The fuzzification 

process is simUar to finding the maximum degree of membership for 

input/output data. 

Rule Evaluation 

The antecedents of a rule, the IF part, corresponds directly to the 

degree of membership calculated during the fuzzification process. In the rule 

evaluation process, the strength of the rule is assigned to the THEN part 

This strength value is needed for the defuzzification process. 

IF color is BLUE, roundness is VR, size is SM 
THEN defect is BLUEDOT 

IF color is BLUE, roundness is R, size is MD 
THEN defect is CHEM_SPOT 

Output Defuzzification 

Defuzzification is needed for two reasons. The first is to decipher the 

meaning of fuzzy actions using membership functions. The second is to 

resolve conflicts between competing actions that may have been triggered by 

certain conditions during rule evaluation. For example, to find the actual 

defect class from the above rules, the system must find a value that best 

represents the information contained in the fuzzy set "defect." Figure 23 

represents an aggregation and defuzzification process for fuzzy "defect" 

output. 
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Figure 23. Aggregation and Defuzzification Process. 

Defuzzification process produces a single output, e.g., a defect 

category. Defuzzification process involves a trade-off between loss of 

information and need to find a single point result. Such information loss is a 

natural consequence of a reduction in the representational dimensions of the 

fuzzy systems (Cox, 1994). Defuzzification step may be omitted to retain 

complete information of classification rule evaluations. However, by omitting 

the defuzzification step the interpretation of defect categories wiU also 

change. It wiU also afi'ect the way classification results are displayed. When 

defuzzification process is executed, a dot in a wafer map represents a defect 

location and its color represents the defect category. Once the defuzzification 

step is omitted, a wafer map should accommodate a different way of 

displaying defect location and fuzzy defect categories. The defuzzification 
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process is needed for this research since the accuracy measurements are 

based on a single classification output. 

The simplest defuzzification technique is the singleton method since it 

does not require aggregation of the output fuzzy regions. In a singleton 

geometry output space, the terms associated with the fuzzy regions are 

represented as single vertical points instead of fuzzy set membership 

functions. Each singleton represents a point in the output space and is 

connected through what amounts to Unear interpolation with its neighbors 

for purpose of defuzzification. A singleton is an output membership function 

represented by a single vertical Une. Since a singleton intersects the x-axis at 

only one point, the center-of-gravity calculation reduces to a weighted 

average of the x-axis points and the rule strengths. For example the appUed 

rule strengths of competing outputs 1 and 2 are 0.8 and 0.4, respectively, as 

shown in Figure 24. The weighted average = (0.8(40) + 0.4(70)) / (0.8 + 0.4) = 

50.0. 

mA(x) 

1.0 
0.8 

0.4 

0.0 

Outpu t 1 Output 2 

10 20 30 40 50 60 70 80 90 

Figure 24. Singleton Output Membership Functions. 

One common defuzzification technique is the center-of-gravity or 

centroid method. The centroid method is the most widely used defuzzification 

technique because the defuzzified values (Cox, 1994): 

42 



1. tend to move smoothly around the output fuzzy region; 

2. are easy to calculate; and 

3. are appUcable to both fuzzy and singleton output set geometries. 

Y 

1.0 

0.8 

0.4 

0.0 

Output 1 Output 2 

10 20 30 40 50 60 70 80 90 

Figure 25. Defuzzification of Competing Outputs. 

X 

In the centroid technique, the defuzzified output is derived by a weighted 

average of the x-axis centroid points and the computed areas, with the areas 

serving as the weight. Using the same example as in singleton method. the 

defuzzification process is as foUows, refer to Figure 25: on the x-axis, 

centroid point 1 is equal to 40 and centroid point 2 is equal to 70. The 

shaded area of output 1 is equal to 0.8(40+24)/2 or 25.6 whUe for output 2 it 

is 0.4(40+32)/2 or 14.4. Thus the weighted average is equal to (25.6(40) + 

14.4(70))/(25.6+14.4) or 50.8. A more general formula for fuzzy solution 

region A is formulated as 

Z<>"̂ W) 
Centroid<r ;=0 

Z/^.W) 
î = 0 
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where d is the ith domain value and \x{d) is the truth membership value for 

that domain point. For the above example, centroid = (20(0.0) + 30(0.8) + 

40(0.8) + 50(0.8) + 60(0.4) + 70(0.4) + 80 (0.4) + 90(0.0)) / (0.0 + 0.8 + 0.8 +0.8 

+ 0.4+ 0.4+ 0.4+ 0.0) = 50.0. 

User Interface 

The operator communicates with the IVCS through the user interface 

to modify the defect classification rules and the fuzzy sets' membership 

functions. IVCS is a prototype for an automated defect classification system 

that provides a graphical user interface and visual tools to enhance the 

communication between the user and the system. 

Summary 

The IVCS utUizes fuzzy sets to standardize defect features that are 

used to describe defect categories. The IVCS employs both human-based and 

computationaUy-derived defect features to minimize graded structure in 

classifying the defects. Quantitative defect features are converted into the 

features' degrees of membership by utiUzing membership functions stored in 

the knowledge base. Using these degrees of membership, defect rules are 

evaluated in order to determine the output strength of the classification. 

These output strengths are used in a defuzzification process to produce a 

scalar value of the defect category. 
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CHAPTERIV 

EXPERIMENTAL DESIGN 

As stated in Chapter I, the research objectives are to prove that graded 

structure level one can be minimized by using standardized feature 

descriptions and that graded structure level two can be minimized by 

combining human-based and computationaUy-derived features in 

categorization. The corresponding nuU and alternative hypotheses for the 

above objectives are Hoi/Hn and (Ho2/Hi2and H03/H13), respectively: 

Hoi The accuracy of automated defect categorization using 

standardized-human-based features is equal to the accuracy 

based on nonstandardized-human-based features. 

Hii The accuracy of automated defect categorization using 

standardized-human-based features is greater than the 

accuracy based on nonstandardized-human-based features. 

H02 The accuracy of automated defect categorization based on 

combined nonstandardized-human-based and computationaUy-

derived features is equal to the accuracy based on 

nonstandardized-human-based features alone. 

H12 The accuracy of automated defect categorization based on 

combined nonstandardized-human-based and computationaUy-

derived features is greater than the accuracy based on 

nonstandardized-human-based features alone. 

Ho3 The accuracy of automated defect categorization based on 

combined standardized-human-based and computationaUy-
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derived features is equal to the accuracy based only on 

standardized-human-basedfeatures. 

His The accuracy of automated defect categorization based on 

combined standardized-human-based and computationaUy-

derived features is greater than the accuracy based only on 

standardized-human-basedfeatures. 

The above hj^otheses can be restated compactly as foUows: 

Hoi : Sh = Nh Hii : Sh > Nh 

Ho2 : Nhc = Nh Hi2 : Nhc > Nh 

Ho3 : Shc = Sh Hi3 : Shc > Sh 

by using the foUowing notations for the components of the test: 

Sh : Standardized-human-based features. 

Shc : Standardized-human-based and computationaUy-derived 

features. 

Nh : Nonstandardized-human-based features. 

Nhc : Nonstandardized-human-based and computationaUy-derived 

features. 

Since the research objective is to minimize computational complexity 

and to increase precision of graded structures of defect categorization, an 

appropriate measure of the outcomes is classification accuracy. 

Determination of classification accuracy foUows a standard defined by 

SEMATECH^ (Shi, 1995) for individual defect and weighted system 

classification accuracies. A measure of repeatabUity is obtained by 

6 SEMATECH is the national consortium for R&D funded 50% by the 
Department of Defense's Advanced Research Projects Agency (ARPA) and 
50% by participating member companies such as IBM, Motorola, AMD, 
Tencor, Texas Instruments, e tc , with the aim of pooUng resources to avoid 
dupUcation in semiconductor technology R&D. 
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repetitively measuring the same set of wafers and defects. System 

throughput, which can be measured in defect images per second, is not 

considered in this research. The experiments described below are designed to 

test the above hypotheses. 

Classification Accuracv Measurements 

This research foUows SEMATECH standard procedures for calculating 

defect classification accuracy. For the purpose of accuracy measurement in 

this research, defects that are undetected defects but that actuaUy exist and 

misclassifications or "unknown" where the defect belongs to a class in the 

knowledge base are considered to be false classifications. Undetected defects 

that do not exist but are specified in the defect map are considered to be 

correctly classified because the defect is either not detectable in the image or 

due to error by the gross defect detection tool. 

Individual Defect Classification Accuracy 

The individual defect classification accuracy {Pi), as its name impUes, 

measures classification accuracy per defect category. Pi is calculated as 

foUows: 

Total number of correct classifications 

where i is the individual defect type and N is the total number of correct and 

incorrect classifications for a particular defect category, i. The hypotheses are 

tested using binomial probabiUties with 0.05 level of significance. 
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System Classification Accuracv 

The system classification accuracy (p) measures overaU classification 

system accuracy and is calculated by averaging the individual defect category 

accuracy using the formula shown below: 

P - ^ . 

1 

The normal approximation to the binomial distribution is used to test the 

hypotheses based on 0.05 level of significance. 

Setup of the Experiment 

Subjects for the experiment are two automated defect classification 

systems. One system is based on the exemplar model and the other is IVCS 

which is based on the prototype model. This experiment does not compare the 

performance of both systems based on their underljring categorization models 

but ra ther on their characterizations of standardized and nonstandardized 

features. The exemplar model and the prototype model utiUze 

nonstandardized and standardized features, respectively. 

The number of human-based defect features characterized with 

standardized and nonstandardized features is the same. In this way it is 

possible to ensure that both systems are compared in terms of the use of 

standardized and nonstandardized features only. Furthermore, the number 

of computationaUy-derived features used by both systems, to test H02/H12 and 

H03/H13, is also the same. 

Sample data I are coUected from 140 defects on five wafers that are 

preclassified according by "majority rules" among defect classification experts 

from Advanced Micro Devices, I nc , from the International Center for 
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Informatics Research (ICIR), formerly known as ISOA, at Texas Tech 

University, and reclassified using the ADC^ system. The 140 defects are 

distributed unevenly among 13 defect classes. The data contain color images 

and varied defect sizes. Random distribution of defects is typical with 

semiconductor inspection because of the high level of variabiUty among 

defect causes. 

Sample data II consist of 86 defects in 10 classes; gray-scale images; 

and many smaU size defects. As in test data set I, the defects in this group 

have also been preclassified by experts from SEMATECH, ICIR, and 

reclassified using the ADC system. Data I and II are from two different 

semiconductor manufacturers in Texas. 

The sample data sizes are relatively smaU; these are due mainly 

because of Umited number of experts and enormous cost of obtaining the data 

along with the constraints of production pressures. Certain defect tjrpes 

contain very smaU number of sample data. Such defect types occurred 

randomly and may be caused by many factors. The resources needed to 

obtain the data increase with the requirement of majority votes. 

Randomly selected items of sample data are used as learning data. At 

least 20 percent from each class pool are selected and taken out as the 

learning data. A total of 18 defect features are selected for the experiment; 11 

of them are human-based and the rest are computationaUy-derived. The 

selected human-based defect features are: 

1. Area, 

2. Eccentricity, 

3. Roundness, 

^ ADC is an automated defect classification system developed by ICIR-
'Pûr>Vi T T n i \ 7 0 V G i t v Texas Tech University 
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4. Edge sharpness, 

5. Average defect color, 

6. Color of defect edge, 

7. Color of inside defect, 

8. Color of center defect, 

9. Color saturation, 

10. Transparency, and 

11. Color surrounding the defect. 

The selected computationaUy-derived defect features are mostly based on 

color histograms of the defect and the surrounding area; they are: 

1. Rate of color transition within the defect, 

2. Color intensity ranges in the defect, 

3. Largest intensity range of defect, 

4. Maximum intensity of defect, 

5. Intensity ranges of surrounding area, 

6. Largest intensity range of surrounding area, 

7. Maximum intensity of surrounding area. 

Histogram-based features provide general information about the defect. 

GeneraUty of defect representation is important in describing semiconductor 

defects since no defects are the same. The above feature Usts are not 

exhaustive, as they are based on specific project needs and specifications. 

The IVCS implements two classification techniques: minimum centroid 

distance and famUy resemblance. These techniques are discussed in the next 

chapter. The experiments uses and reports the results from both techniques. 
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Conduct of the Experiment 

To test Hoi/Hiihypotheses, both systems, an exemplar-based system 

and IVCS, randomly select a predefined number of examples from each of 

the defect classes. Both systems learn to classify only from human-based 

defect features. These examples are incorporated into a knowledge base 

which is used to classify the rest of the test items. The outcome of this 

experiment is the number of correct classifications by both systems. 

To test Ho2/Hi2h5rpotheses, the exemplar-based system wiU learn the 

same data set as for Hoi/Hn but it has to learn both human-based and 

computationaUy-derived features. As on Hoi/Hu testing, the outcome of this 

experiment is the number of correct classifications by the exemplar-based 

system using both human-based and computationaUy-derived defect features. 

The outcome wUI be compared against the outcome obtained for the same 

system from Hoi/Hn test. 

The IVCS system wUI acquire the same learning data set as for Hoi/Hn 

but for both human-based and computationaUy-derived defect features for 

testing Ho3/Hi3hypotheses. As on previous tests, the outcome of this 

experiment is the number of correct classifications by the IVCS using both 

human-based and computationaUy-derived defect features. The outcome is 

compared against the outcome for the same system obtained from Hoi/Hu 

test. This test is to show whether a classification accuracy using combined 

standardized human-based and computationaUy-derived features is greater 

than when the classification uses standardized human-based features alone. 
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CHAPTER V 

DATA COLLECTION AND 

ANALYSIS OF THE RESULTS 

Data CoUection 

The feature extraction module of the ADC system produces 

quantitative defect features which are represented as ordinal values. Both 

the exemplar-based and the IVCS systems used in this experiment read 

preclassified data as learning instances. This learning data is compared 

against test data for famUy resemblance classification. Table 1 shows the 

distribution of learn and test data I grouped by defect classes. Certain defect 

classes Usted on the table, e.g., 1, 5, 12, 46, 55, and 59, consist of only a smaU 

number of sample data. This is due to the fact that certain defect classes are 

scarce and the cause of such defects vary from plant-to-plant, machine-to-

machine, and many other factors. This data is mainly used to test the 

capabiUty of both systems to learn from minimum sample data. 

As mentioned in Chapter II, both exemplar- and prototjrpe-based 

system work weU for categories with minimum exemplars and those that are 

poorly specified. The presence of smaU exemplar set wiU have a significant 

adverse efí'ect on the accuracy of classification systems which require a large 

amount of learning data. Using a smaU sample data size for certain defect 

classes may affect the calculation results of classification accuracy for an 

individual defects. For this reason, the system classification accuracy is 

weighted for the purpose of hjrpotheses testing. 

Hvpotheses Testing 

Classification results from both systems are compared against the 

"majority votes" classifications by experts. Table 1 and Table 2 show the 
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distribution of classification results from both nonstandardized (exemplar-

based) and standardized (the IVCS) systems. For the alternative hypothesis 

Hi: p > po, reject Ho if T > Tu. The test statistic T is total number of correct 

classifications of the system to be compared against. The critical value Tu is 

the value such that P(T > Tu) = a, or equivalently P(T < Tu) = 1 - a. For large 

sample size (n > 30) the value of Tu is found as Tu = np^ + z,_̂  yfnp^ where 

po = total number of correct classifications of the system to be compared to, 

divided by sample size (n); qo= 1 - po; and zi-a is the 1-a quantUe from a 

standard normal distribution (Iman and Conover, 1989). 

Once a value for the test statistic is calculated from the data, an 

additional information such as p-value could be computed to show how weU 

the data agree with the nuU hypothesis. 

A smaU p-value (close to zero) indicates that the sample is not 
consistent with the nuU hypothesis and the nuU hypothesis should be 
rejected. On the other hand a p-value larger than 0.05 or 0.10 
generaUy indicates a reasonable level of agreement between the 
sample and the nuU h^rpothesis. (Iman and Conover, 1989, p. 275) 

The experiments are interested in measuring classification accuracies 

for both systems. As mentioned in the previous chapter, semiconductor 

defects vary widely both in terms of their defect types and the causes of those 

defects. The experiments conducted for this research try to avoid getting 

different classification results because of the above factors. For that reason, 

the experiments use the same test data sets. 

The h^rpotheses H02/H12 and H03/H13 involve only one system. The only 

difference is the number of attributes used to classify test data. The 

classification algorithm, image capture, feature extraction, and other factors 

remain the same. For this reason one proportion test should be used in the 

experiments. Upper taUed tests should be used for aU hypotheses since the 
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alternative hypotheses test whether one system or method is better than 

another. 

The test data for certain defect categories are very smaU. One possible 

explanation for this is that certain defect types are scarce and the causes of 

such defects vary widely. Limited resources and access to production Une 

restrict the number of test data. 

Hypotheses Tests for Data Set I 

The foUowing are test statistics computed from the sample data I with 

13 defect classes. A test statistic is used in the testing of the nuU hypothesis 

and it is denoted by Tu to indicate upper-taUed test. AU tests are conducted 

with 0.05 level of significance (a). 

Table 1 contains the classification results of both systems using data 

set I. The "Defect Class" column refers to a Ust of defect category identifiers. 

The column "Test Data" contains the number of test items for each defect 

class. The column "Learn Data" contains the number of exemplars for each 

defect class. Each system uses two methods to classify the test data: method 

one uses human-based features alone (H); method 2 uses both human-based 

and computationaUy-derived (HC) features to classify the test data. The "N " 

column contains the number of correct classifications by the exemplar-based 

system which uses nonstandardized human-based features. The "Nhc" column 

contains the number of correct classifications by the exemplar-based system 

which uses both nonstandardized human-based and computationaUy-derived 

features. The "Sh (MCD)" and "Sh (FR)" columns contain the number of correct 

classifications by the IVCS using human-based feature alone. The "MCD" 

and "FR" indicate classification techniques used by the IVCS: Minimum 

Centroid Distance and FamUy-Resemblance techniques, respectively. The 

"Sh. (MCD)" and "Shc (FR)" columns contain the number of correct 
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classifications by the IVCS using both human-based and computationaUy-

derived features. 

Table 1. Classification Results for Data Set I. 

Defect 

Class 

1 

3 

5 

12 

42 

46 

48 

52 

55 

58 

59 

62 

78 

Test 

Data 

3 

7 

3 

1 

24 

1 

22 

19 

3 

9 

3 

6 

9 

110 

Learn 

Data 

1 

2 

1 

1 

7 

1 

5 

4 

1 

2 

1 

2 

2 

30 

Nh 

0 

4 

1 

1 

14 

1 

20 

17 

3 

5 

2 

0 

4 

72 

Nhc 

0 

3 

1 

1 

14 

1 

21 

18 

3 

5 

2 

4 

9 

82 

Sh 

(MCD) 

0 

1 

0 

0 

9 

0 

13 

11 

3 

1 

0 

1 

4 

43 

Shc 

(M(̂ D) 

2 

0 

0 

1 

11 

0 

13 

16 

0 

5 

1 

4 

9 

62 

Sh 

(FR) 

1 

2 

0 

1 

14 

1 

20 

14 

1 

2 

1 

3 

5 

65 

Shc 

(FR) 

0 

2 

1 

1 

12 

0 

22 

13 

1 

3 

1 

6 

7 

69 
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1. Calculation for Hoi: 

The test statistic T is the total number of correct classifications of the 

IVCS using standardized human-based features, Sh. 

UsingMCD: 

T = 4 3 

po =72/110 = 0.654545 

Tu = 110(0.654545) + 1.6449 sqrt( 110(0.654545)(0.345455)) 

= 80.2035 

p-value = 0.99999 

Since T < Tu, the test faUs to reject Hoi. 

Using FR: 

T = 6 5 

po =72/110 = 0.654545 

Tu = 110(0.654545) + 1.6449 sqrt( 110(0.654545)(0.345455)) 

= 80.2035 

p-value = 0.9332 

Since T < Tu, the test faUs to reject Hoi. 

2. Calculation for H02: 

The test statistic T is the total number of correct classifications of the 

exemplar-based system using both human-based and computationaUy-

derived features, Nhc. 

T = 8 2 

po =72/110 = 0.654545 

Tu = 110(0.654545) + 1.6449 sqrt( 110(0.654545)(0.345455)) 

= 80.2035 
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p-value =0.0231 

Since T > Tu, the test rejects H02. 

3. Calculation for H03: 

The test statistic T is the total number of correct classifications of the 

IVCS using both human-based and computationaUy-derived features, 

Shc. 

Using MCD: 

T = 6 2 

po =43/110 = 0.390910 

Tu = 110(0.390910) + 1.6449 sqrt( 110(0.390910)(0.609090)) 

= 51.4182 

p-value =0.000001 

Since T > Tu, the test rejects H03. 

Using FR: 

T = 6 9 

po =65/110 = 0.590909 

Tu = 110(0.590909) + 1.6449 sqrt( 110(0.590909)(0.409091)) 

= 73.4822 

p-value = 0.2483 

Since T < Tu, the test faUs to reject H03. 

Summary of the hypotheses testing for data I is as foUows: 

1. Hoi : Sh = Nh 

H u : Sh > Nh 

MCD: T = 43, Tu = 80.2035, and p-value = 0.99999 
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FR: T = 65, Ti = 80.2035, and p-value = 0.9332 

Since T < Tufor both MCD and FR, the tests faU to reject Hoi. The 

classification accuracy for a system using standardized human-based 

features is no different than a system using same features in 

nonstandardized manner. 

2. Ho2 : Nhc = Nh 

Hi2 : Nhc > Nh 

T = 82, Tu = 80.2035, and p-value = 0.0231 

Since T > Tu, the test rejects H02. The classification accuracy for a 

system using nonstandardized human-based and computationaUy-derived 

features is greater than when the system uses nonstandardized human-

based features alone. 

3. Ho3 : Shc = Sh 

Hi3 : Shc > Sh 

MCD: T = 62, Tu = 51.4182, andp-value = 0.000001 

FR: T = 69, Tu = 73.4822, and p-value = 0.2483 

Since T > Tufor MCD, the test rejects H03. The classification accuracy 

for a system using standardized human-based and computationaUy-derived 

features using minimum centroid distance classification technique is greater 

than when the system uses standardized human-based features alone. 

Whereas, since T < Tu for FR, the test faUs to reject H03. Using famUy 

resemblance technique, classification accuracy for a system using 

standardized human-based and computationaUy-derived features did not 

make any significant improvement over the system that uses standardized 

human-based features alone. 
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Table 2. Classification Results for Data Set II. 

Defect 

Class 

1 

2 

3 

4 

5 

6 

8 

9 

10 

11 

Test 

Data 

8 

7 

15 

8 

3 

3 

7 

3 

7 

7 

68 

Learn 

Data 

2 

2 

3 

2 

1 

1 

2 

1 

2 

2 

18 

Nh 

2 

1 

5 

2 

0 

1 

2 

1 

6 

1 

21 

Nhc 

2 

1 

4 

3 

3 

1 

1 

1 

4 

7 

27 

Sh 

(MCD) 

2 

0 

1 

0 

1 

0 

1 

1 

2 

2 

10 

Shc 

(MCD) 

2 

1 

4 

2 

2 

0 

3 

0 

1 

4 

19 

Sh 

(FR) 

5 

0 

3 

1 

0 

0 

0 

0 

2 

0 

11 

Sh<̂  

(FR) 

2 

1 

3 

1 

2 

0 

2 

0 

1 

0 

12 

Hvpotheses Tests for Data Set II 

The foUowing are test statistics computed from the sample data II with 

10 defect classes. AU tests are conducted with 0.05 level of significance (a). 

Table 2 contains classification results of both systems using test data II. The 

descriptions of column headings are the same as those of Table 1. The 

descriptions for Ts in each hjTDothesis are the same as those of data set I. 
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1. Calculation for Hoi: 

UsingMCD: 

T =10 

po =21/68 = 0.308824 

Tu = 68(0.308824) + 1.6449 sqrt( 68(0.308824)(0.691176)) 

= 27.266768 

p-value = 0.9987 

Since T < Tu, the test faUs to reject Hoi. 

Using FR: 

T =11 

po =21/68 = 0.308824 

Tu = 68(0.308824) + 1.6449 sqrt( 68(0.308824)(0.691176)) 

= 27.266768 

p-value =0.9971 

Since T < Tu, the test faUs to reject Hoi. 

2. Calculation for H02: 

T =27 

po =21/68 = 0.308824 

Tu = 68(0.308824) + 1.6449 sqrt( 86(0.308824(0.691176)) 

= 27.266768 

p-value = 0.0749 

Since T < Tu, the test faUs to reject H02. 

3. Calculation for H03: 

Using MCD: 

T =19 
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po = 10/68 = 0.147059 

Tu = 68(0.147059) + 1.6449 sqrt( 68(0.147059)(0.852941)) 

= 14.8040 

p-value =0.0018 

Since T > Tu, the test rejects Ho3. 

Using FR: 

T = 1 2 

po = 11/68 = 0.161765 

Tu = 68(0.161765) + 1.6449 sqrt( 68(0.161765)(0.838235)) 

= 15.9948 

p-value = 0.4364 

Since T < Tu, the test faUs to reject H03. 

Summary of the hypotheses testing for data II is as foUows: 

1. Hoi : Sh = Nh 

Hii : Sh > Nh 

MCD: T = 10, Tu = 27.266768, and p-value = 0.9987 

FR: T = 11, Tu = 27.266768, p-value = 0.9971 

Since T < Tufor both MCD and FR, the tests faU to reject Hoi. The 

classification accuracy for a system using standardized human-based 

features is no different than a system using same features in 

nonstandardized manner. 

2. H02 : Nhc = Nh 

H12 : Nhc > Nh 

T = 27, Tu = 27.266768, and p-value = 0.0749 
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Since T < Ti , the test faUs to reject H02. The classification accuracy for 

a system using nonstandardized human-based and computationaUy-derived 

features is equal to a system which uses nonstandardized human-based 

features only. 

3. Ho3 : Shc = Sh 

Hi3 : Shc > Sh 

MCD: T = 19, Tu = 14.8040, and p-value = 0.0018 

FR: T = 12, Tu = 15.9948, and p-value = 0.4364 

Since T > Tufor MCD, the test rejects H03. The classification accuracy 

for a system using standardized human-based and computationaUy-derived 

features using minimum centroid distance is greater than when the system 

uses standardized human-based features alone. Whereas, since T < TL for FR, 

the test faUs to reject H03. Using famUy resemblance technique, the 

classification accuracy for a system using standardized human-based and 

computationaUy-derived features did not make any significant improvement 

over the system that uses standardized human-based features alone. 

Analvsis of the Results 

It is important to compare the sample data and the systems used in 

the experiment to evaluate the results. 

Comparison of Sample Data 

Sample data I were captured using good quaUty microscope lens, a 

color camera, and under good Ughting conditions. On the other hand, sample 

data II were captured using poor quaUty microscope lens and a black/white 

camera, and under poor Ughting conditions. Because sample data II images 

were captured in gray-scale, defect color information is not avaUable. Since 
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the human-based features are affected by these visual acquisition apparatus, 

the classification results by both systems are very low. 

Comparison of Testing Svstems 

The exemplar-based system used in this experiment is a weU 

developed software that has undergone and passed numerous shop-floor 

tests. Its main inference engine was conceived in 1987 and has been under 

continuous improvement since then. The outcomes of the experiment do not 

reflect the fuU capabUity of the system since only a smaU number of defect 

features are used. 

The main concept for this research, the graded structure effects on 

defect categorization, was conceived in 1994; see Wong (1994). In its current 

state, the prototj^e (IVCS) system contains only the fuzzy classifier. The 

system reads quantitative test and learned data. The learned data is stored 

in the defect knowledge base along with fuzzy variables and their 

membership functions. The IVCS classifies test data by comparing it to the 

coUective learned data taken from the same categories and combined to form 

prototj^es for those categories. The prototj^e and fuzzy variables are the two 

components which differentiate IVCS from other classification systems. 

Outcomes of the Experiment 

Table 3 shows a summary of p-values of the statistic tests. The 

"Hypotheses" column Usts the nuU and alternative hypotheses tested in the 

experiments. The "Classification Techniques" column Usts related IVCS' 

classification techniques used in corresponding hypotheses. The "Data Set I" 

and "Data Set 11" columns Ust p-values of the statistical test results. 
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Table 3. Summary of p-values of the Statistic Tests. 

Hypotheses 

Hoo: Sh = Nh 

Hi i :Sh >Nh 

H02: Nhc = Nh 

H12: Nhc > Nh 

H03: Shc = Sh 

H13: Shc > Sh 

Classification 
Techniques 

MCD 

FR 

MCD 

FR 

Da ta 
S e t l 

0.99999 

0.9332 

0.0231 

0.000001 

0.2483 

Da ta 
S e t l l 

0.9987 

0.9971 

0.0749 

0.0018 

0.4364 

Both statistical tests for Hois for data set I and II indicate that 

standardization of human-basedfeatures alone using either MCD or FR 

classification technique does not improve the classification accuracy. The 

classification accuracy of the IVCS increases when using the FR technique; 

however, the increase is not large enough to make any significant 

improvement over the exemplar-based system. These results may be caused 

by imbalanced capabUities of the exemplar-based and the IVCS systems. 

The statistical tests for H02S shows contradictory results for both data 

sets. However, the test resuU for H02 on data set II is at border point between 

rejecting or faiUng to reject the nuU hypothesis. A possible explanation for 

the disagreement between these results may be caused by the nature of the 

exemplar-based system that considers exemplars as independent from each 

other. 

The statistical tests for H03S using MCD technique indicate an 

agreement for both data sets. The abUity of IVCS to combine rules for the 

same defect categories facUitates attribute value gi'oupmg. This capabUity, 

along with the use of fuzzy rules, aUow IVCS to perform better for poor 
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images as in the case of sample data 11. On the other hand, the tests show 

that the IVCS using FR technique did not make any significant improvement 

when using human-based and computationaUy-derived features over when 

using human-based features alone. 

Significance increases of the IVCS' classification rates using MCD 

technique for H03/H13 in both data sets could be caused by attribute gi'ouping 

technique, discussed in next section in this chapter, implemented in the 

prototype. Different numbers of membership functions for the fuzzy variables 

and degree of fuzzy sets overlap did not cause these increases. 

Defects in the categories of 48, 52, 55, 59, and 78 in the data set I, 

have strong within-category simUarities (visual characteristics). Some defects 

from category 42 share simUar visual characteristics with defects from 

category 52. In addition, some defect categories have poor within-category 

simUarities, e.g., categories 3 and 5. The test results show high classification 

rates for defect categories with strong within-category simUarities. On the 

other hand, defect categories with poor within-category simUarities have low 

classification rates. The same low classification rates also occurred for defect 

categories whose feature characteristics are shared by other categories. A 

confusion matrix displays a distribution of the number of correct and 

incorrect classifications. Defect categories are Usted sequentiaUy in the row 

and column headings of the matrix. The number of correct classifications per 

individual defect category are displayed diagonaUy from left-top ceU to right-

bottom ceU of the matrix. Other ceUs represent the number of incorrect 

classifications. Only half of the matrix ceUs, form a triangular shape, are 

fiUed since the other half represents the same information. Confusion 

matrices for the classification results are appended in Appendix B. 
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Defect categories in data set II have poor within-category simUarities. 

However, because of the poor image acquisition apparatus no analysis for the 

individual defect category is appropriate. 

Factors Influencing the Outcomes 

Both tested systems used pre-acquired quantitative data extracted 

from stored images on readable CD. Therefore, factors such as stage or 

aUgnment accuracy, microscope Ughting, camera sensitivity, image 

processing techniques used in image acquisition, defect detection, feature 

extraction, and other external factors are not considered. 

Some possible factors influencing the outcome of the classification are: 

1. Selection of features, 

2. Number of features, 

3. Selection of exemplars, 

4. Number of exemplars, 

5. Sample data, and 

6. Categorization levels. 

In a famUy resemblance classification, the abUity to classify an unknown 

object into its category depends on the selection of an object's features and 

how many features are evaluated during a particular classification process. 

The higher the number of categories involved, the more object features are 

normaUy required, but there is no rule or formula to determine the number of 

features to use for a certain classification task. A defect classification system 

may use more than 40 attributes such as in DCS-1 system (Breaux and 

Singh, 1995). 

Using exemplars which represent the central tendency of a defect 

category or from a category with strong within-category simUarities ÍQ a 

classification may produce high classification accuracy for that category. 
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Selecting a few exemplars which represent a defect category is difficult since 

this process involves categorization and therefore is affected by the giaded 

structure of categorization itself. As the number of exemplars for a particular 

defect class increases, the possibUity that the exemplars represent the 

central tendency of that defect class also increases. Certain defect classes 

such as "smaU blue dot" are easier to classify than others. Classification of 

defects into coarse categories is easier than into fine or detaU categories since 

the lat ter involves more detaUed specifications of defect attributes and 

classification rules. 

In this research, selection of the exemplars is random and the number 

of exemplars is fixed at about 20 percent. The wafers, from which sample 

data are obtained, are selected randomly from a production Une. 

IVCS Implementation 

Important factors in determining the robustness of a fuzzy model are: 

1. Proper decomposition of variables into complete sets of fuzzy terms. 

2. Degree of fuzzy set overlap. 

Only named fuzzy regions can be addressed in the rule set. Fine 

decomposition of variables into semanticaUy meaningful regions provides 

more control over a classification decision since each region can be addressed 

by rules. However, as the level of decompositions hit an upper Umit, the fuzzy 

modeUng become numerical modeUng since each fuzzy set represent a single 

numerical value (Pedrycz, 1995). Figure 26 a and b show the variable 

"roundness" with four and three membership functions, respectively. Both 

figures contain membership functions with 50% degrees of overlap. From the 

figures, it is clear that the more membership functions a variable has, the 

more control the system has over the variable. For example, r = 80 is an 

important value to represent a certain degree of roundness. In Figure 26a, 
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the maximum membership value for r = 80 is 1.0 but in Figure 26b ; can only 

have a value near 0.75. These differences could have a significant effect in 

the evaluation of the rules. 
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(a) Variable "roundness" with 4 membership functions. 

80 120 240 

(b) Variable "roundness" with 3 membership functions. 

Figure 26. Membership Functions and Degrees of Control. 

The IVCS system divides each variable in sample data I into nine 

membership functions since the data varies widely across the variables. The 
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variables in the sample data II are divided into five membership function.s 

since they contain smaUer variations. 

The IVCS combines rules for the same defect category to facUitate 

grouping of attributes, which aUows different membership functions in the 

same variable for the same defect category to be combined for the purpose of 

rule evaluation. Figure 27 shows attributes grouping of variable "size" 

between membership functions "S" and "M". 
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Figure 27. Attribute Grouping. 

If the knowledge base contains two rules for object "MARBLE" as foUows: 

IF roundness is VR and size is S and color is BLUE 

THEN object is MARBLE 

IF roundness is VR and size is M and color is BLACK 

THEN object is MARBLE 

To classify unknown object A = { roundness = 100 (VR), size =115 (M), color = 

10 (BLUE)}, both rules are fired. Without attributes grouping, when the first 

rule is fired, the degree of membership "size" is zero since the value 115 is 
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beyond the range of membership function "S." On the other hand, a t tnbute 

grouping aUows characteristics of other exemplars within a category to be 

shared as coUective attributes for a prototype. Therefore, the variable "size" 

has a degree of membership of 0.58 when the first rule is fired. 

Attribute grouping is important in semiconductor defect classification 

since the variabUity of defect features for many defect categories is high. The 

IVCS creates categorization rules directly from the learned data, groups 

these rules according to their classes, and generates combined attributes for 

the prototypes. The classification algorithm is the minimum centroid distance 

among a group of simUar defects. The algorithm is shown in Figure 28 and is 

repeated in the appendix for clarity. FamUy resemblance technique which 

count the number of matched attributes for a given category produces 

different results from using the above technique, the minimum centroid 

distance. 

Summarv 

The statistic tests show that classification accuracy does not increase 

when standardized human-based features using either MCD or FR technique 

alone are used. These results may have been affected by imbalanced 

capabiUties of the exemplar-based and the IVCS systems. The exemplar-

based system may contain certain t j^e of knowledge which the IVCS does not 

have. However, when both standardized human-based and computationaUy-

derived features are used together classification accuracy for data set I 

increases from 65.5 % to 74.5% for the exemplar-based system; from 39.1% to 

56.4% for the prototype system using minimum centroid distance (MCD) 

technique; and from 59.1% to 62.7% for the prototype system using famUy 

resemblance (FR) technique. For data set II, the classification accuracy 

increases from 30.9 % to 39.7% for the exemplar-based system; from 14.7"o to 
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For each defect group 
{ 

For each attribute 
{ 

For each defect group 
{ 

Find max match ((same membership function and degree of membership) 
or (different membership function)) between test data attribute and 
learn data attribute. 

} 
If a match is found 
{ 

Store the variable and scalar value of the learn data that matched with 
the test data into GroupRule ("member" data type; see below). 

} 
Else // no match 
{ 

Assign zeroes for that variable in the test data and GroupRule. 
// discard the variable in the calculation of the nearest distance. 

} 
} 
Find centroid for test data. 
Find centroid for GroupRule. 
Find delta centroid (test data, GroupRule). 
Find the minimum delta among a defect group 
Assign output class to the minimum delta. 

} 

Figure 28. IVCS Classification Algorithm. 

27.9% for the protot^^e system using MCD technique; and from 16.2% to 

17.6% for the prototj^e system using FR technique. 

Viewing the results from both Table 1 and Table 2, it is apparent that 

the exemplar-based system performs better than the IVCS system. There is a 

significant increase in the IVCS classification accuracy using MCD technique 

when it is used to classify poor images such as those in sample data II. This 

may be due to the utUization of the rule grouping techniques which increases 

defect attributes value ranges and therefore broaden of the category 

acceptance. 
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These conclusions have been restricted to the population from which 

the data are sampled and the systems used for the experiment. FaUure to 

reject the nuU hypothesis does not suggest that the nuU hypothesis is true: it 

merely indicates that the test data do not warrant its rejection. Further 

development of IVCS may also affect test results. 
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CHAPTER VI 

CONCLUSIONS AND SUGGESTIONS 

FOR FUTURE RESEARCH 

Conclusions 

This research attempts to minimize the effects of graded structure in 

automated defect classification for patterned semiconductor wafers. Two 

levels of graded structure affect the performance of defect classification 

system. The first level of graded structure occurs when the defect expert 

describes defect categories in terms of defects' visual features using Unguistic 

variables. The second level of graded structure occurs in the actual defect 

classification, where feature simUarities between the actual defect and the 

exemplar defects are compared. 

In order to minimize level one graded structure, defect features are 

standardized by utiUzing fuzzy sets. The defect features are represented as 

fuzzy sets and their degrees of membership are determined by membership 

functions estabUshed by a defect classification expert. To minimize level two 

graded structure, both human- and computationaUy-derived defect features 

are used in categorization. 

An appropriate measure of the research outcomes is classification 

accuracy. This research utUizes a standard method for measuring 

classification accuracy set by SEMATECH. This method defines individual 

defect and unweighted system classification accuracies. along with their level 

of confidence by repetitively measuring the same sets of defects on the same 

wafers. 

The results of the experiment show that classification accuracy does 

not increase when standardized human-based features alone are used. 

However, when both standardized human-based and computationaUy-
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derived features are used together, the classification accuracy increases at 

about 10 percent for the exemplar-based system and about 15 percent for the 

IVCS system. OveraU results indicate that the exemplar-based system 

outperforms the IVCS system. However, a significant increase in 

classification accuracy occurs when IVCS classifies poor images such as those 

in sample data 11. This fact may be due to the utiUzation of the rule grouping 

technique that increases attribute value ranges and therefore broadens the 

category acceptance criteria for a particular attribute. 

Contributions of the Research 

This research provides an insight into the latent source of a major 

problem associated with automated visual classification: graded structure of 

categorization. A multi-level graded structure affects the performance of 

visual classification systems, producing adverse effects with which current 

research has not dealt. The research outcomes may benefit manufacturing 

(defect classification), medical (cancer detection), inteUigence surveiUance 

(object identification and classification), and other communities which have 

to deal with automated visual classifications. In semiconductor 

manufacturing alone, a one percent improvement in yield for one production 

unit may generate over U.S. $1 miUion in annual profit. 

Limitations of the Research 

This research is Umited in two major aspects. First, the classification is 

based only on famUy resemblance; it uses simUarity and dissimUarity among 

defect features as criteria for classification. Second, the defect knowledge 

base does not contain domain knowledge, i.e., device design, manufacturing 

processes, and inspection knowledge, e.g., relationships between inspection 
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apparatus such as dark field, magnification level, and different Ughting 

features, and variations in the captured image. 

Suggestions for Future Research 

Future research should include analysis of the interrelationships 

among features during classification. Some researchers (Hanson and Bauer, 

1989; Neumann, 1974) used binary relationships among object's features and 

counted the frequency of occurrences of these relationships. A category is 

represented as a Ust of object's features, relationships between features, and 

frequency of occurrences of the features and/or the relationships. Barsalou 

and Hale (1993) used conjunction and contingency relations among object's 

features to represent a category. Interrelationships among object's features 

are formed impUcitly to represent a category. The exemplars for each 

category are pooled to form a disjunctive rule. FoUowing Barsalou and Hale's 

method, a defect can be represented as an entity with a set of attributes, e.g., 

Defect(A) <r- { size=100, color=80, eccentricity=200, ...}. The attributes in the 

set are related conjunctively by an 'and' relation. Each entity may not contain 

aU avaUable attributes used in the classification. A certain set of attributes 

impUes a certain category. The contingency relation is represented by an 

implicit relation. Multiple sets of attributes combined by disjunctions form 

the rules for defect categories, e.g., 

Defect(A) ^ { size=100 AND color=80 AND eccentricity=200 AND ...} OR 
{ size=150 AND color=40 AND roundness=150 AND ...} OR 
{ size=150 AND eccentricity=100 AND edgesharpness=105 } 

WhUe learning, as the number of exemplars for each category increases, the 

number of conjunctions in each disjunction increases correspondingly. 
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Other factors involving domain knowledge, such as device design and 

manufacturing processes, should also be included in the categorization model 

to take into account the effects a defect has on the device structure. For 

example, Figure 29 shows a missing dark rounded "object," and the defect is 

caUed a "missing trench." Without any device design knowledge, the defect 

would have been classified by name such as "missing pattern" or "chemical 

spot," which may not have the same meaning as "missing trench." Another 

possible advantage of using domain knowledge, i.e., circuit design, is to 

detect defects caused by a flawed mask. Defects caused by a faulty mask 

pattern is undetectable by the current automated defect detection and 

classification systems which rely on image use of one or more reference 

images from adjacent die. Such a defect detection technique is of no use, 

since both the "defect" image and the reference image contain the same faulty 

pattern. 

1. I 

Figure 29. Missing Trench. 

As mentioned in Chapter I, the occurrences of certain defect classes 

are rare and the causes of some defects vary greatly. These variations may be 
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caused by many factors which are related directly or indirectly to production 

of the semiconductor wafers. For example, different manufacturing plant.s, 

production machines, and material handUng may generate unique defect 

classes. Therefore, it is necessary to consider test data coUected from diverse 

environments to test the system's accuracy and robustness. 

Another important future research topic is fuzzy rule decision surfaces. 

Decision surfaces define the boundaries of defect classes, and it is a very 

useful tool for verifying the quaUty of a defect knowledge base. One possible 

problem associated with fuzzy rule decision surfaces is graded structure of 

defect categories. If defect class B "closely" resembles defect class A, how are 

decision surfaces to be defined? 
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APPENDIX A 

IVCS IMPLEMENTATION 

Fuzzv Sets Format 

A fuzzy variable description contains information such as the variable 

name, number of membership functions, domain range which is represented 

by a minimum and a maximum points, and a Ust of membership functions. 

Each membership function Ust contains membership function name, function 

type, and four corner points of the function. The fuzzy variable is represented 

with the format shown below: 

<variable_name> 
<#membership functions> 
<min domain value> <max domain value> 

<msfn 1> <function type> 
<po in t# l> <point#2> <point#3> <point#4> 

<msfri 2> <function type> 
<po in t# l> <point#2> <point#3> <point#4> 

The four corner points representing a membership function start from lower 

left corner and turn clock-wise; see Figure 30. The fourth point for function 

t5T)e 2 (triangle) is not used and is assigned with a value 0.00. Currently only 

two types of function are recognized: triangle and trapezium which have 

function types 3 and 2, respectively. 
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p t # 2 

p t # l 

p t # 2 

pt #4 = 0.00 
(not used) 

p t # 4 p t # l p t # 3 

Figure 30. Four Corner Points of Membership Function. 

Example of a fuzzy variable caUed "xtricity" is shown below: 

xtricity 
5 
35.00000000 

vsmaU 3 
35.00000000 

smaU 2 
45.00000000 

medium 2 
75.00000000 

large 2 
125.00000000 

vlarge 3 
175.00000000 
250.00000000 

250.00000000 

35.00000000 

75.00000000 

125.00000000 

175.00000000 

225.00000000 

45.00000000 

125.00000000 

175.00000000 

225.00000000 

250.00000000 

75.00000000 

0.00000000 

0.00000000 

0.00000000 

A graphical representation of the variable "xtricity" is shown Figure 31. 
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45 55 65 75 85 95 105 115 125 135 145 155 165 175 185 195 205 215 225 235 245 255 

Figure 31. Graphical Representation of the Variable "xtricity." 

IVCS Classification Algorithm 

The algorithm used for the classification is the minimum centroid 

distance among a group of simUar defects. The algorithm is as foUows: 

For each defect group 
{ 

For each attribute 
{ 

For each defect group 
í 

Find max match ((same membership function and degree of 
membership) or (different membership function)) between 
test data attribute and learn data attribute. 

} 
If a match is found 
{ 

Store the variable and scalar value of the learn data that 
matched with the test data into GroupRuIe ("member 
data type; see below). 

} 
Else // no match 
{ 
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} 

Assign zeroes for that variable in the test data and GroupRule. 
// discard the variable in the calculation of the nearest distance. 

} 
Find centroid for test data. 
Find centroid for GroupRuIe. 
Find delta centroid (test data, GroupRuIe). 
Find the minimum delta among a defect group 
Assign output class to the minimum delta. 

IVCS Data Structure 

The IVCS is implemented using C programming language. The data 

structures are implemented as C's structs and arrays. 

#define MAX_VARS 20 // max fuzzy variables 
#define MAX_MEMBER_FUNCTION 9 // max msfn for each variable 
#define MAX_LEARN 50 // max learn data 
#define MAX_FN_POINT 4 // max msfn points 

struct memberfn { 
charid[10]; 
int type; 
float w[MAX_FN_POINT]; 

}; 

// membership function name 
// function type 
// function points 

typedef struct { 
charvname[10]; //variable name 
int nfn; // # of membership functions 
floatmin, max; // variable value range 
struct memberfn f[MAX_MEMBER_FUNCTION]; // membership functions 

} fuzzy; // hold fuzzy descriptions 

typedef struct { 
int id[MAX_VARS]; 
int scI[MAX_VARS]; 
double vaI[MAX_VARS]; 
double ctd[MAX_VARS]; 

} member; 

// membership function index 
// scalar value 
// degree of membership 
// variable centroid value 
// hold msfii information 
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int NSET=0; 
fuzzy FS[MAX_VARS]; 
member LRN[MAX_LEARN]; 
int NKB; 

// # of fuzzy variables 
// fuzzy sets and its member functions 
// learn data 
// # of learn data 

IVCS Main Functions 

read_fuzzy_sets (char *filename) 

Use: 
This function reads fuzzy descriptions which have the format as shown 
in the beginning of this appendix and stores them in FS data 
structure. 

Parameters: 
char *filename // pointer to fuzzy description filename 

Returns: 
(int) 0 
(int) 1 

// unable to open the file for reading 
// success 

/ / 

read_learn_data (char *filename) 

Use: 
This function reads learn data and stores them in LRN data structure. 
The learn data has the format as foUow: <cIass_no> <method_no> 
<device_name> <featurei> <feature2> ... <featuren>. 

Parameters: 
char *filename // pointer to learn data filename 

Returns: 
(int) 0 
(int) 1 

// unable to read learn data 
// success 

/ / 
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get_membership (int scalar, mt var, int *mfii, int *msvalue) 

Use: 

This function calcidates a membership value for a given scalai- value. 
It also returns the membership function where the scalar was found. If 
the scalar belongs to more than one membership functions, this 
function returns the largest degree of membership. 

Parameters: 
int scalar 

area. 
int var 
int *mfn 

within 

double *msvalue 

Returns: 
(mt)0 
(mt) 1 

// a scalar value; must be within the var domain 

// the variable where the scalar value resides. 
// pointer to the position of the membership fn 

// the variable domain where the scalar was found. 
// pointer to the degree of membership. 

// the variable is out of range 
// success 

/ / 

get_class_centroid (member vclass, int flag) 

Use: 
This function calculates centroid value for a given class, passed in as 
parameter by "vclass". The calculation is simUar to defuzzification of 
geometric singleton. The second parameter, "flag." indicates whether 
"vclass" is from learning or test array. Learning array start from 
index=l whereas test array start from index=0. Index zero on learning 
array is used to store class number and class centroid value. 

Parameters: 
member vclass 
int flag 

// calculate centroid of this input class. 
// first parameter is test or learn array? 

Returns: 
double centroid // centroid value for the class 

/ / 
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classify_test_data (char *testdata, char *outdata) 

Use: 
This function perform the main classification of test data. Test data 
are read one-by-one and they are compared against the learn data to 
find the minimum centroid distance. 

Parameters: 
char *testdata // pointer to test data filename 
char *outdata // pointer to output log filename 

Returns: 
(int) 0 // unable to open fíle(s) 
(int) 1 // success 

/ / 
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APPENDIX B 

CONFUSION MATRICES 

From Table 4 below, it is clear that most misclassifications are related 

to defect categories 42 and 62. As mentioned m Chapter V, some of defects m 

category 42 share simUar attributes with defects in category 52. The number 

of misclassifications as a result of the above relationship is 4. From the table, 

it is not clear whether aU (4) misclassifications are fiom the categorization of 

42to52, 52to42, orboth. 

Table 4. Confusion Matrix for Nh, Data Set I. 
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With additional of computationaUy-derived features in the 

classification inference engine, the total number of correct classifications 

increases for category 62, see Table 5. However, the total number of incorrect 

classifications for category 42 remains about the same. The changes in the 

classification inference engine may also cause the increases in 

misclassification of categories related to defect classes 1 and 3. 

Table 5. Confusion Matrix for Nhc, Data Set I. 
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Referring to Table 6, most misclassifications occur in categories related 

to defect classes 1, 3, 5, 42, 52, 55, and 62. 

Table 6. Confusion Matrix for Sh (MCD), Data Set I. 
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Additional features used in classification increases the total number of 

correct classifications for category 62 as shown in Table 7. The addition of 

defect features reduces the number of misclassifications for categories 52 and 

55, however, it does not affect but increases the number of misclassifications 

in categories 1, 3, 5, 12, and 42. 

Table 7. Confusion Matrix for Shc (MCD), Data Set I. 
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The classification accuracy for famUy resemblance (FR) technique is 

better than the minimum centroid distance (MCD) for classifications based 

on human-feature alone as shown in Table 8. Misclassification problems are 

related to categories 1, 3, 5, 42, 55, and 62. However, the overaU 

classification accuracy rates do not improve with the addition of defect 

features as shown in Table 9. 

Table 8. Confusion Matrix for Sh (FR), Data Set I. 
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Table 9. Confusion Matrix for Shc (FR), Data Set I. 
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Table 10 through Table 15 are confusion matiices for data set II. 

Table 10. Confusion Matrix for Nh, Data Set II. 
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Table 11. Confusion Matrix for Nhc, Data Set II. 
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Table 12. Confusion Matrix for Sh (MCD), Data Set II. 
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Table 13. Confusion Matrix for Shc (MCD), Data Set II. 
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Table 14. Confusion Matrix for Sh (FR), Data Set II. 
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Table 15. Confusion Matrix for Shc (FR), Data Set II. 
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