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ABSTRACT 

The problem of modeling, analysis and reconstruction of noisy and/or 

distorted syntactic patterns Is studied. Segmentation errors and primitive 

extraction errors can be treated as syntax errors and defined In terms of 

language transformation rules. Three types of error transformations are 

defined on strings, na.neiy substitution, Insertion and deletion. Con- 

sequently, the parser constructed according to the grammar generating the 

strings and the three types of transformations is called the error-correcting 

parser. This technique Is also extended to tree languages.  In formulating 

error-correcting tree automata (ECTA), five types of error-transformations 

on trees are defined, namely, substitution, split, stretch, branch and 

deletion. By way of using language transformations, the distance between 

two sentences can be determined. A definition of distance between a sentence 

and a language is proposed. Based on this definition, a clustering procedure 

Is proposed, where error-correcting parsers .are employed to determine the 

distance between an Input syntactic pattern and a formed cluster, or a 

language. Finally, using the error-correcting parsing techniques, real 

data exampleson texture modeling and discrimination are presented. 
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CHAPTER  I 

INTRODUCTION 

1.1 Purpose 

During the past decade, there has been an Increasing Interest In 

pattern recognition. Most of the developments In the theory and appli- 

cations of pattern recognition use the statistical approach [1-33-  In 

order to represent the structural information contained In the patterns, 

the syntactic or structural approach has been proposed [h-5]• This approach 

draws an analogy between the structure of patterns and the syntax of 

languages. The precision of syntactic specification provides the recogni- 

tion procedure not only the capability of classifying patterns but also 

the capacity of describing patterns. However, one of the weaknesses of 

this approach Is the problem of recognizing noisy patterns.  Several 

approaches have been used in dealing with noisy patterns, namely; stochastic 

grammars or discriminant grammars, sequential parsing or partial parsing 

methods, language transformations, and error-correcting parsers. The 

purpose of this research is to develop error-correcting parsing algorithms 

suitable for syntactic pattern recognition. 

1.2 The Recognition of Noisy and Distorted Patterns 

Using a syntactic approach to pattern recognition, a set of training 

patterns is first analyzed. A pattern, according to Its structure, Is 

divided into subpatterns. Subpatterns can be further divided into sub- 

subpatterns, and so on. The basic element Is called a "pattern primitive." 
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Linguistic notatfonsare used to describe a pattern in terms of primitives 

and relations between them as In a sentence. The set of sentences corre- 

sponding to the set of training patterns can be specified by a generative 

grammar called a "pattern grammar." Non-terminals In the pattern 

grammar represent the subpatterns and terminals represent primitives and 

possibly some relational symbols. The structure of patterns is characterized 

by production rules of the grammar. 

In a recognition procedure, after preprocessing,segmentation and 

primitive extraction, an input pattern is represented as a sentence, then a 

parser is employed as a pattern recognizer. A parser is an algorithm 

based on a given pattern grammar, G, that can produce a complete syntactic 

description in the form of a parse tree of an Input sentence If It belongs 

to L(G), the language generated from G. A block diagram of a syntactic 

pattern recognition system is given In Figure 1-1. 

In a pattern classification problem, parsers are used to determine 

the membership of an input pattern. Grammars are constructed to characterize 

each of the classes of patterns. An input pattern is then parsed with 

respect to the pattern grammars one by one to decide which language 

(class) it belongs to. 

In practical applications, there often exists pattern distortion 

and measurement noise causing segmentation and primitive extraction 

errors which ultimately result In a noisy representation (sentence), 

that is, it cannot be successfully analyzed by the parser. The following 

are situations that may cause the representation of a pattern to be 

noisy; (1) unpredictable distortions and variations, (2) simplified 

grammars. 
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(1) Unpredictable distortions and variations. Normally, one would 

like to construct a grammar which generates as much variety in patterns 

as possible. The construction of a grammar Is based on a priori knowledge 

available; e.g. the given set of patterns, or predictable noise, distortion 

or variation of patterns. However, not all the distortions and variations 

of patterns are predictable. This uncertainty may cause some patterns to 

be rejected during recognition. 

(2) Simplified grammars.  In a classification problem, In order to 

avoid any ambiguity caused by the overlaps between languages, grammars 

may be constructed to exclude some known patterns as well as some expected 

distortions in order to be simpler and smaller. There is a decision which 

has to be made between the descriptive precision and the analysis efficiency 

of a grammar. One may construct a large grammar (with a large number of 

production rules) which generates a language that very closely yields 

the given set of patterns, or a simpler grammar which does not generate 

some of the known patterns but uses less parsing time and storage space. 

Stochastic grammars have been suggested in resolving the uncertainty 

of patterns [6-8]. With a probability assigned to each production rule, 

the probability distribution of sentences generated from the stochastic 

grammar can be used to model the probability distribution of patterns. 

Normal patterns are discriminated from noisy patterns by their associated 

probabilities. This approach requires a large amount of training data 

in order to make a meaningful probability distribution of patterns. 

Page and Filipski [9], propose the use of a discriminant grammar which 

is an extension of the stochastic grammar approach. The generated 

language from a discriminant grammar is supposed to include all the classes 

IMHMmi 
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of patterns under consideration.  In a discriminant grammar, a number Is 

associated with each production rule.  By adding the numbers corresponding 

to each use of a production rule In a derivation of a sentence, a number 

associated with the sentence Is derived. The language Is partitioned 

into decision regions by comparing this number to a predetermined cut 

point. A discriminant grammar can also be used in making a Bayes1 decision 

between two stochastic languages.  In this case, the number assigned to 

each production rule Is obtained from the probability distribution of 

sentences. Therefore, the construction of discriminant grammars faces 

a similar problem to that of stochastic grammars, namely, that a very large 

amount of training data Is necessary in order to make a meaningful prob- 

ability distribution. 

An interesting feature that stochastic grammars and discriminant 

grammars  have is the sequential parsing. Persoon and Fu [10] proposed an 

algorithm of sequential parsing for stochastic context-free grammars. 

Using a stopping rule, only part of the input string needs to be scanned 

when a decision is made. The classification rule used is Bayes1 decision 

rule. Page and Filipski [9] also proposed a scheme for sequential parsing 

of discriminant grammars based on the sequential probability ratio test. 

Using the sequential parsing method, since only the left part of a string 

is involved in the decision making process, one may construct the pattern 

grammars in such a way that the most Informative, distinctive subpatterns 

and primitives are generated first. Consequently, the sequential 

classification schemes demonstrate an error tolerance capability to some 

extent. The error tolerance of sequential parsing Is investigated In 

Chapter 2 of this thesis. 

fcr •^^^i IJI w., i,ii 
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Ali and Pavlldis [11] used a similar idea for the construction of 

parsers for hand written numerals. Finite state grammars are used for 

the characterization of each class (numeral). A set of finite state 

automata is designed to read primitives considered to be discrimtnantfng, 

while unimportant primitives are neglected. Since the recognizer Ignores 

some Irrelevant details which are extracted by pattern description 

algorithms it can thus reduce recognition errors. 

The use of language transformation for the representation of special 

types of pattern distortions, such as scaling, rotation and replacement, 

etc. was suggested by Fu and Bhargava [12]. This concept also appears 

In Aho and Peterson's paper [13] where error transformation for substitution, 

deletion and insertion errors are defined. Aho and Peterson further 

expand the original grammar to include error transformations as production 

rules. Based on the expanded  grammar an error-correcting parsing algorithm 

was formulated for substitution, deletion and insertion errors in general. 

The correction satisfies the minimum-distance criterion. 

The approach of using error-correcting parsers Is the method used in 

this research. A parser constructed on a given grammar, G, performs the 

function of analysing an input string, x. The analysis result is a 

complete parse of x, if x is in L(G), the language generated from G. From 

the parse, a derivation tree which represents the structure of x can be 

reconstructed. Suppose that x Is not In L(G). Then the parser can, at 

most, generate a partial parse. Therefore, for a given gramar, G, a 

parser can be used to answer the membership problem, it can also be used 

to describe the syntax structure if the input sentence Is In L(G) [\h\. 

An error-correcting parser is designed to generate a complete parse even 
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If the Input sentence Is not In L(G). Hence, using an error-correcting 

parser In a pattern recognition problem, a noisy pattern can be successfully 

analyzed and recognized. Block diagrams are given In Figures l-2(a) and 

(b) to illustrate the function of a parser and an error-correcting parser. 

A corrected pattern may further be reconstructed from the parse. The 

use of error-correcting parsers In dealing with noisy patterns has the 

following two advantages over other methods. 

(1) Improvement of recognition performance under Inadequate training. 

The construction of grammars, manually or automatic, Is an Important part 

in the design of a syntactic pattern recognition system. An elaborate 

design gives better recognition performance, but such a design is certainly 

data dependent.  Inadequate inference procedures or insufficient training 

data will result In a poorly constructed grammar, and consequently poor 

recognition performance. The use of error-correcting parsers as a pattern 

recognizer will compensate this difficulty in grammar construction. Hence, 

even with a rather poorly constructed grammar, the use of error-correcting 

parsers can give satisfactory recognition results. 

(2) Correction of noisy patterns. When pattern grammars are con- 

structed from noise-free patterns only, noisy or distorted pattersn can 

be corrected by using error-correcting parsers. 

1.3 Survey of Error-Correcting Parsing 

The Idea of using syntax rules in correcting program errors or 

punctuation errors arose with the design of syntax-directed compilers. 

Because the syntactic specifications are precise, syntax analysis not 

only plays a central role in the organization of compilers, it also 

provides error detection and recovery capability within the compiler. 

^<*~mmi>in.. V .  i.;ii...,., 
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Figure 1.2 Syntax analysis using a parser (a) and 
an error-correcting parser (b) 
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Most error-recovery strategies take the point where parsing falls 

to continue as the point of detection of errors, [15"21]. A recovery 

action Is then applied to suppress the error so that parsing can be 

resumed. Diagnostic Information or corrections may also be generated at 

this point.  In [15], Ironsattempts to supply some recovery action at 

each point where an inconsistency is detected by a top-down parser. Part 

of the input sentence is replaced based on the context of the error and 

productions of the grammar to allow parsing to continue. Similar to 

Iron's Idea, Grles [16] proposes more sophisticated error-recovery 

strategies for top-down parsers. Using a precedence grammar, an error 

is detected when no precedence relation exists between the incoming 

terminal and the symbol at the top of the stack, or the phrase to be 

reduced has no equivalent right hand side of a production. Wirth [17] 

proposes an error recovery algorithm by scanning tables of error rules 

for an entry which applies to the erroneous condition. The table of 

error rules is based on designers' knowledge of common programming errors 

and appropriate recovery actions. Lelnius [18] discusses strategies of 

isolating the smallest potential phrase and then makes the required 

replacement. Graham and Rhodes [19], suggest a weighted minimum distance 

measure for finding a "closest fit" local corrections when an error recovery 

routine faces numerous choice of next move. 

Error-correcting for compilers emphasizes   early detection of 

errors and generating accurate diagnosis. Nevertheless, error detection 

may arbitrarily be delayed.  In a study by Aho and Ullman [23],they 

concluded that a precedence parser will not always detect an error as 

soon as a corresponding LR(1) parser. Repairing techniques for LR and 

LL parsers are still subjects to be studied. 

^»PHH HI m g. " •' nMhVr nm^JMM 



r """ 1*?».«. -i». "pj »u.inpi iiii.i. •  i. .'.' I,,I.,II.L.,I.  ,.•..,..,.  ,.— |      !  U  „....,. ,„,,,, .. 

" 

10 

• ' 

SS 

An alternative to the heuristic approach for error-correcting 

parsing Is the minimum-distance error-correcting techniques. All the 

potential errors and their corrections are recorded during parsing. After 

the entire string has been processed, a derivation that satisfies the 

minimum-distance criterion will be generated. Aho and Peterson formulate 

substitution, deletion and insertion errors In terms of error transformations 

[13]. Distance between two sentences is defined as the least number of 

transformations used to derive one from the other. The original grammar 

is then expanded to include error transformations in the set of production 

rules such that its generated language contains all the possible 

erroneous sentences. The parsing algorithm is a modified Earley's 

parser [31»] with provisions added for the bookkeeping of the number of error 

transformations used. During parsing, the potential derivation that uses 

the least number of error production rules is placed in the parse list. 

By the time a parsing is completed, the minimum-distance correction is 

also achieved.  Instead of formulating error production rules, Lyon 

proposes a scheme that puts all the possible corrections such as the 

substitutions, deletions and insertions of the currently scanned symbol 

in the parse list [2*»]. Setting limitations on the number of local errors 

arid global errors are also suggested by Lyon to decrease the parsing time 

and memory storage. 

Although the minimum-distance error-correcting parsers (MDECP) use 

a similarity criterion In their searching for the syntactically correct 

sentence they are considered impractical from compiler design point of 

view. Compiler designers' interests are in methods that generate accurate 

diagnostic information and continue parsing more than that of automatic 

correction, since part of the debugging and correction can be left to the 

programmer. 

• mr  i) im 1   ii m •i 
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A spelling error correction technique is proposed by Morgan [25]. 

He uses a heuristic method to search for a good match of the input string 

from a table of code words. A more rigorous approach in finding a best 

match from a finite set of strings for an input string Is to use the 

algorithm given by Wagner and Fisher [26]. Error-correcting parsers for 

regular language are proposed by Wagner [27] and Thomason [28] respectively. 

The second Interesting application of error-correcting parsing Is 

in syntactic decoding systems where errors are caused from noisy 

communication channels [29~32].  In modeling the randomness of noisy 

channels, it Is essential that the designed probabilistic model can be 

applied to the syntactic processing of linguistic information. Bahl and 

Jelinek [30], proposed a first order Markov chain model for noisy channels 

In which an input sequence, a.a_...a can produce output sequence 

b.b2...b of varying lengths. This is done by associating with each 

input symbol a. a probabilistic finite state machine. A null transition, 

self loop transitions and transitions producing output other than a, are 

added to the finite state machine for modeling deletion, insertion and 

substitution errors.  In Fung and Fu's probabilistic deformation model, 

context-free languages with substitution errors are considered [31]. 

Let x • a.a....a be a string, the error occurred on a symbol, a. is 

assumed to be Independent from Its context In x. Therefore, the probability 

that y - b.b  .b Is an error deformed string of x Is defined as follows 
i £        n 

q(y|x) - n q(b,|a.) 
1-1   '  ' 

where q(b.|a.) Is the probability that b. substitutes for a.. Let L(G.) 

and L(G2) be two languages, the maxImum-IIke11hood decision rule proposed 

by Fung and Fu is 

ifcä*. 
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max    / i \ >   max    / i \ j  ,,  y e L(G.) 
x e L(G.) q(y'x) < x e L(G2) ^

x)  declde y e L(fiJ) 

Given a grammar G, the parser designed for the searching of x that satisfies 

the maximum-likelihood criterion,   max   q(y|x), where y is an Input 
x E L(G) 

string, is called maximum-1 ike1ihood error-correcting parser (MLECP). 

A modified Cocke-Younger-Kasami parser is used by Fung and Fu. Thompson 

[32] formulates error-correcting parsers for stochastic grammar in 

Greibach normal form (GNF). The approach of using expanded grammars in 

which substitution, deletion, insertion and transposition errors are 

added as error production rules is also used here. The four types of 

errors are treated seperately. Four separate algorithms each of which 

copes with one type of error are then combined to correct simultaneous 

errors. Although Thompson gives no discussion on complexity of this 

ECP, he points out that the original top-down parser for GNF has already 

exponential growth in computational complexity. Ambiguity caused by the 

four expanded grammars is expected to increase this complexity. The 

combined algorithm would further compound time complexity with the 

enormity of the bookkeeping problem.  It is suggested to combine the 

algorithm serially to simplify the process. However, the use of serial 

combination may not always give maximum-like11hood correction. 

The Idea of using error-correcting parsers In tiia syntactic recogni- 

tion of noisy patterns has also been suggested [31,331. Since pattern 

recognition systems handle a variety of types of Input data, such as 

pictorial data [35_39], waveforms [kO-kl], speech patterns, program schemes 

[M-*»5]» or data files [*»6] etc., the metalanguages used to describe 

patterns can be sets of strings, trees or  graphs.  In addition to type 1, 



i i j in II.«II.,IPI. IWIJ...J .   i».nniiujjjiiiiI, j ii.i   iaiii,.iij!n>«CTpm||pppp|pnn>v^>i *m**m* 

13 

type 2, and type 3 grammars, programmed grammars [47-48], transit Fon 

networks [49], tree grammars [50], graph grammars [45,51], web grammars 

[52,53 J, array grammars [54-56], and many others have been used for 

pattern analysis. An error-correctfng parsing scheme for context- 

sensitive grammars Is proposed by Tanaka and Fu [57]. 

Error-correcting parsing for syntactic pattern recognition is still 

at a beginning stage. Most existing pattern grammars do not have their 

corresponding error-correcting parsers. Similarity measure is a key 

point in designing such a parser for a pattern recognition system. The 

idea of using language transformations for the modeling of primitive 

extraction and segmentation errors, and constructing a parser based on 

the expanded grammar which Includes transformation rules, provides a 

global distance measurement. We shall use this approach in formulating 

error-correcting parsers for stochastic and non-stochastic context-free 

languages and tree languages. A minimum-distance error-correcting parser 

for context-free program grammar Is also presented. 

1.4 Thesis Organization 

In Chapter 2, the distance between two strings Is measured in terms 

of the three defined transformations, namely, substitution, deletion and 

insertion transformations. This measurement provides a similarity measure 

between syntactic patterns. Error-correcting parsers are formulated 

based on a similarity criterion; e.g. the minimum-distance criterion. 

Definitions on distance between a string and a language are proposed. A 

minimum-distance classification system using a modified error-correcting 

parsing algorithm is presented. A similar approach is applied to a stochastic 

model where stochastic languages, deformation probabilities and maximum- 

likelihood criterion are used. 

ma. »..-aal» 
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The problem of error-correcting syntax analysis for tree languages 

Is studied in Chapter 3> Syntax errors on trees are defined In terms of 

five types of transformation, namely, substitution, deletion, stretch, 

split and branch.  In the formulation of error-correcting tree automata 

(ECTA), transformations made on each terminal symbol are added to the 

automata in the form of transition functions.  Two types of ECTA are 

proposed: one for substitution errors called SPECTA and one for all five 

types of errors called 6ECTA. Real data examples of using SPECTA for 

LANDSAT data interpretation and GECTA for character recognition are 

presented. 

Chapter k  and Chapter 5 describes two potential applications of 

error-correcting parsers In the area of pattern recognition. As the 

distance between a sentence (a syntactic pattern) and a language (a 

group of syntactic patterns) is defined, and Its computation Is implemented 

by using error-correcting parsers, a clustering procedure for syntactic 

patterns is proposed in Chapter 4. A character recognition experiment 

is given as an illustrative example. 

A syntactic model for the generation and the discrimination of 

structured textures is described In Chapter 5. A texture pattern is 

first divided into fixed-sized windows. Windowed patterns belonging to 

the same class of texture are then characterized by a tree grammar. The 

uncertainty existing in texture patterns; e.g. local noise, structure 

distortion, makes them impossible to be fully characterized by the 

constructed grammars. Therefore, SPECTA's are used as texture 

discriminators. Texture patterns generated by tree grammars are illus- 

trated. Discrimination results are also given. 

• • •• - 
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A short summary of this research and suggestions on further work 

can be found in Chapter 6. 

„":,.:,:"::".'. ^J^—MM* ltkm-i ,•*/—^i,,;,;!     [. 
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CHAPTER 2 

ERROR-CORRECTING PARSING FOR STRING LANGUAGES 

2.1  Introduction 

In this chapter, a distance between two strings is first defined and 

then extended to the distance between a string and a language. The 

distance between two strings is defined in terms of the minimum number of 

error transformations used to derive one from the other by Aho and Peterson 

[13]. When the error transformations are  defined in terms of substitution, 

deletion and insertion errors, the distance measurement coincides with 

the definition of Levenshtein metric [61].  In Section 2.2, error trans- 

formations are applied to weighted Levenshtein metric. Also, a new metric, 

simply called weighted metric, which would reflect the difference of 

the same type of error made on different terminals is proposed. This 

extension provides a similarity measure between two sentences more closely 

related to the similarity of their corresponding patterns. 

For a given input string y and a given grammar G, a minimum-distance 

error-correcting parser (MDECP) is an algorithm that searches for a sentence 

z in L(G) such that the distance between z and y, d(z,y) Is the minimum 

among the distances between all the sentences in L(G) and y. The algorithm 

also generates the value of d(z,y). We simply define this value to be the 

distance between L(G) and y and denote it as d.(L(G),y). 

When a given grammar is a context-free grammar (CFG), Its MDECP can 

be implemented by modifying an Earley's parsing algorithm. We also extend 

am*. «•„•••i,. 
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the definition of the distance between L(G) and y, d.(L(G),y), to the 

definition of dK(L(G),y), the average distance between y and the K 

sentences In L(G) that are the nearest to y. The computation of dR(L(G), y) 

can be implemented by further modification of the algorithm of MDECP.  In 

Section 2.2.3 a minimum-distance decision rule is proposed for classi- 

fication of syntactic patterns. 

An algorithm of MDECP for context-free programmed grammars (CFPG) is 

given in Section 2.3. This algorithm is restricted to Levenshtein's 

distance only.  In pattern recognition, the context-free programmed grammars 

are considered having higher descriptive power than the context-free 

grammar.  It is proved by Rosenkrantz, that the set of languages gener- 

ated by CFPG's properly contains the set of context-free languages, and 

is properly contained within the set of context-sensitive languages [60]. 

A CFPG generating a context-sensitive language may be selected In order 

to describe the patterns effectively. Although a context-sensitive 

grammar (CSG) may as well be used, the parsing based on a CFPG has better 

analysis efficiency than a CSG. 

In Section 2.k,  the stochastic deformation model of substitution 

errors proposed by Fung and Fu [31] is first extended to include deletion 

and insertion errors. Based on the deformation model, the deformation 

probabilities can be estimated from the observations of these errors. 

Similar to the use of error transformations proposed in [13]» the stochastic 

deformation model Is introduced into the original stochastic context-free 

grammar (SCFG). The Earley's parser is modified for the searching of 

the most likely error-correction based on the maxImum-1 ike11hood criterion. 

We shall call this algorithm the maximum-1 ike11 hood error-correcting parser 

•WT" 
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(MLECP).  For an Input sentence y and a given SCFG, G , a NLECP generates 

the most likely correction of y, x. Let p(x) be the probability of x tn 

L(G ). The MLECP also computes the value of q(y|x)p(x) where q(y|x) is 

the deformation probability of y given x. We shall interpret the term, 

q(y|x)p(x), as the deformation probability of y given L(G ), denoted as 

q(y|G*).  If the a priori probability of each grammar is known, Bayes' 

decision rule Is proposed as a decision criterion. 

Due to the Inefficiency of such an error-correcting parser, we are 

also Interested In the Improvement of parsing speed. Persoon and Fu have 

proposed a sequential classification algorithm (SCA) for stochastic 

context-free languages [10]. The error-tolerance capability of SCA Is 

investigated in Section l.k.k.    We further modify the SCA to classify 

noisy sentences using the error-correcting approach. Experimental results 

illustrate that  within a tolerable percentage of misrecognitlon, the 

speed of SCA Is faster than that of MLECP. 

2.2 Minimum-Distance Error-Correcting Parsing for Context-Free Languages 

Following the notations used in [14J, the definition of grammars 

and languages is briefly reviewed. 

Definition 2.1. A grammar is a '»-tuple 

G - (N,£,P,S) where 

(1) N is a finite set of nonterminal symbols 

(2) Z Is a finite set of terminal symbols disjoint from N. 

(3) P is a finite subset of 

(NUE)*N(NUE)*X(NUE)* 

An element (<x,ß) in P will be written a •* ß and called a 

production. 

*^^^^*mf^p. 
• :••.-!• I . .^ . r ,:L.^,,..- 
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(4) S is a distinguished symbol In N called the start symbol. 

Definition 2.2. The language generated by a grammar G, denoted 

L(G), is the set of sentences generated by G. Thus, 

L(G) » {OJ|(ü is in r , and S=-> «} 

where a relation => on (NUE)  Is defined as follows: If aBy Is 

in (NUT) and ß •*• 6   is a production rule In P then aßy =-*a6y, 

* 
and =**• denotes the reflexive and transitive closure of =~* . 

If each production in P Is of the form A -* a, where A Is in N and 

o Is in (NUT)  then the grammar G • (N,E,P,S) Is classified as context-free 

grammar. The set of languages that can be generated from context-free 

grammars are called context-free languages. 

2.2.1 A Similarity Measure for Syntactic Patterns 

In [13], errors in a string are considered to be the three types: 

substitution, deletion and insertion errors, and treated as syntax errors 

by defining transformations from I to a subset of I . 

Definition 2.3. For two strings, x, y e Z , we can define a 

*   * 
transformation T: E •+ I    such that y e T(x). The following three 

transformations are introduced: 

(1) substitution error transformation 

Uiaa>2 w.bu)2,for all a, b e E, a {  b, 

(2) deletion error transformation 

u1aa)2 '  »|«2,f©r all a e Z 

l:.:::.M.-^~-*:-^^.  .,.*••./.:-:,, 
»......• tt^mtmt^ml •  < •<<     i m»<«>—*•«*•» 
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(3) Insertion error transformation 

V2 
I 

u.au2,for al1 a e Z 

where u>. ,<U» e E 

Definition 2.4. The distance between two strings x, y e I  , 

d (x,y), Is defined as the smallest number of transformations required 

to derive y from x. 

Examp1e 2.1. Given a sentence x • cbabdbb and a sentence 

y • cbbabbdb, then 

x » cbabdbb 

T„ 
cbabbbb cbabbdb |—!— cbbabbdb - y 

The minimum number of transformations required to transform x to y 

Is three, thus, d (x,y) • 3. 

The metric defined in Definition 2-4 gives exactly the Levenshtein 

distance of two strings [61]. A weighted Levenshtein distance can be 

defined by assigning nonnegative numbers a , y  and 6 to transformations 

Ts, T- and T. respectively. Let x, y e E be two strings, and let J be 

a sequence of transformations used to derive y from x, then the weighted 

Levenshtein distance between x and y, denoted as d"(x,y) is 

d"(x,y) - mln {o'k.+y*m.+6«n.} (2.1) 

where k., m. and n. are the number of substitution, deletion, and Insertion 

transformations respectively In J. 

We shall propose a weighted metric that would reflect the difference 

of the same type of error made on different terminals. Let the weights 

MM; —•• 

associated with error transformations on terminal a in a string «jaw. where 

^ 
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a e E, u. and u E I , be defined as follows: 

(1) (Dja^ [- 
Tc, S(a,b) 

u.bo>2 f°r  b e I, b ft a, where S(a,b) is the 

cost of substituting a for b. Let S(a,a) • 0. 

(2)    tt)Mi2   f—^- 

from   w,a<i)0. 

T„,  D(a) 
üI.Cü- where D(a)   is  the cost of deleting a 

(3) Wjao^ f- 

lau2- 
T,, l(a,b) 

u.bao) for bei, where l(a,b) is the cost 

of inserting b in front of a. 

We further define the weight of inserting a terminal b at the end of a 

string x to be, 

. Tl» ''(b) 
(It) x |— xb, for bei. 

Let x, y e E be two strings, and J be a sequence of transformations used 

to derive y from x. Let Jjj be defined as the sum of the weights associated 

with transformations in J, then the weighted distance between x and y, 

W 
d (x,y) is defined as 

.W 
d (x,y) - mjn {|j|} (2.2) 

Equation (2.2) can be illustrated by a graphical interpretation. 

From point B to point E, each path in the lattice shown in Figure 2.1 

corresponds to a sequence of transformations used to derive y from x. A 

horizontal branch indicates an Insertion transformation, a vertical branch 

indicates a deletion transformation, and a diagonal branch indicates a 

substitution or a non-error transformation. The weight assigned to a 

particular type of transformation on a particular symbol in x is labeled 

at Its corresponding branch. Let J be a path In the lattice, then |j| 

is the sum of weight associated with each branch in J. The distance, 
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B       l(arb,) •(arb2) Karb3) 

x • a. 
|\s(a2,b2) S(a2,b3) 

* ^ *. 

i \ 

deletion 

Figure 2.1 A graphic Interpretation of metric W 

Insertion 

substitution 

i. •TV.:" 
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d (x,y). IS the weight associated with the mlnumum-weight path. 

We shall refer to the Levenshteln distance, weighted Levenshtein 

distance and weighted distance as metric L, w, and W respectively, and 

use d(x,y) to denote the distance between x and y based on any of the 

three metrics. 

2.2.2 A Minimum-Distance Error-Correcting Parser 

Let L(G) be a given language and y be a given sentence the essence 

of minimum-distance error-correcting parsing is to search for a sentence 

x in L(G) that satisfies the minimum distance criterion as follow 

dtx.y) - mln (d(z,y)|zeL(G)} (2.3) 
z 

We note that the minimum-distance correction of y Is y itself If 

y e L(G). 

We shall extend the minimum-distance ECP proposed by Aho and Peterson 

[13] to all three types of metric; L, w, and W.  In [13], the procedure 

for constructing an ECP starts with the modification of a given grammar 

G by adding the three types of error transformations in the form of 

production rules, called error productions. The grammar G is now expanded 

to G' such that L(G') includes not only ICG), but all possible sentences 

with the three types of errors. The parser constructed according to G' 

with a provision added to count the number of error productions used in 

a derivation is the error-correcting parser for G. For a given sentence 

y, the ECP will generate a parse, IT, which consists of the smallest 

number of error productions. A sentence x In L(G) that satisfies the 

minimum-distance criterion (measured by using Levenshtein distance) can 

be generated from n by eliminating error productions. With some modifi- 

cations, this minimum-distance ECP can easily be extended to the three 

"^^^^wur^^sp""» y.-nri.r.i^w.»,,.*-.,,,. ,,-•„' 
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metrics proposed in Section 2.2.1. We first give the algorithm of con- 

structing an expanded grammar, in which the nonnegative numbers associated 

with error-productions are the weights associated with their corresponding 

error transformations with respect to the metric used. 

Algorithm 2.1. Construction of expanded grammar 

Input: A CFG G - (N,E,P,S) 

output: A CFG G'- (N1,E»,P*,S') where P1 is a set of weighted 

productions. 

Method: 

N' - NU {S'}U{Ea|a e E} , E' D E Step 1. 

Step 2. If A •*• an  b.a,b....b a , m > 0 Is a production In P such 
0 112   mm   — 

that a.  e N and b. e Z,  then add A •+ a E a E 0fcb, 1 wb. 
'I '  "2 

0 to P1, where each E.  Is a new non-terminal, E.  e •' 

and 0 is the weight associated with this production. 

Step 3. Add the following productions to P*. 

Eb V 
m 

Production Rule 

(a) S' * S 

(b) S' + Sa 

(c) Ea-a 

(d) Ea + b 

(e) Ea - A 

(f) Ea-bEa 

weight 
L w W (metric) 

0 0 0 

1 6 l'(a) 

0 0 0 

1 o S(a,b) 

1 y D(a) 

1 6 l(a,b) 

for all aeE' 

for all aeE 

for al1 aeE, 
bei1, and b t  a 

for all aeE 

for all aeE, beE1 
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In Algorithm 2.1 the production rules added in Step 3(b), 3(d), 

3(e) and 3(f) are called error productions. Each error production 

corresponds to one type of error transformation on a particular symbol 

In I. Therefore, the distance measured In terns of error transformations 

can be measured by error productions used in a derivation. The parser is 

a modified Earley's parsing algorithm with a provision added to accumulate 

the weights associated with productions used in a derivation. The 

algorithm is as follow. 

Algorithm 2.2. Minimum-distance error-correcting parsing algorithm 

input: An expanded grammar G' • (N',E' ,P',S') and an input 

string y - b.b ...b in I1 

output:   'n»'l*'*'m t*,e parse  ''st ^or v» an<* **(x,y) where x  is the 

minimum-distance correction of y. 

Method: 

Step 1. Set j - 0. Then add [E •*•  • S',0,0] to I.. 

Step 2.  If [A -*• a • Bß,i,E] is in I., and B •*• y,  n is a production 

rule in P' then add item [B -»• • y,j,0] to I.. 

Step 3.  If [A •*• a  «,i,E] Is in I. and [B -»- ß • Ay.k.C] is In I., 

and if no Item of the form [B + 6A«y,k,$] can be found in 

I., then add an Item [B -»• ßA • y,k,n+E+?) to I. where c Is 

the weight associated with production A -* a.  If 

[B -*• BA • y,k,4>] Is already In I., then replace <t> by n+E+C 

If <j> > n+E+C- 

Step 4.  If j - m go to Step 6, otherwise j » j+l. 

Step 5. For each Item in I. . of the form [A •*• a  • b.ß,i,E] add 

Item [A •> ab. • ß,I,E] to !., go to Step 2. 

iMite i^i ii ii i ii •ir-'"J '    - •--•••      ••• •-  : 
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Step 6.  If Item [E •*•  S',0,C] Is In I . Then d(x,y) - C, where x 

ts the minimum-distance connection of y, exit. 

In Algorithm 2.2, the string x, which Is the minimum-distance 

correction of y, can be derived from the parse of y by eliminating all 

the error productions. The extraction of the parse of y Is the same as 

that described in Earley's algorithm. 

2.2.3 A Minimum-Distance Classifier for Noisy Patterns 

In Section 2.2.1,three metrics are proposed as similarity measures 

between two strings. We shall define the distance between a string and 

a given language based on any one of the three metrics as follows. 

Definition 2.5. Let y be a sentence, and L(G) be a given language, 

the distance between L(GJ and y, dK(L(G),y), where K is a given 

positive integer, fs; 

K 1 
dK(L(G),y) - min{ I    ^d(z|fy)|z, e L(G)}        (2.h) 

In particular, if K • 1, then 

d,(L(G),y) - min(d(z,y)|z E L(G)} (2.5) 

is the distance between y and its minimum-distance correction in 

L(G). 

As the distance between a string (a syntactic pattern) and a language 

(a set of syntactic patterns) is defined, a minimum-distance decision rule 

can be stated as follow:»  suppose that there are two classes of patterns, 

C. and C„ characterized by grammar G, and G, respectively. For a given 

syntactic pattern y with unknown classification, 

•.... aa j 
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yue^.y) 

dK(L(G2),y) 

dK(L(RM),y) 

minimum- 
distance 
selector 1 < j < M 

Figure 2.2 A minimum-distance classifier for noisy patterns. 

I II I»   IH«,  f    !•   I . • 
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decide y e cJJ  If d^LfG^.y) J dKU(G2),y) (2.6) 

A block diagram of a minimum-distance classification system is given in 

Figure 2.2. 

For a given ICG) and a string y • b.b....b , the MDECP described In 

Algorithm 2.2 also generates the distance d.(L(G),y).  For the computation 

of dK(L(G),y), K > 1, Algorithm 2.2 needs further modification. The 

following algorithm will generate parse lists in which each Item in the 

list I. is of the form [A •*• a  • 0,1, (n. ,ir.), (n,,*,)... (n ,ir )] where 

e ^ K. Each pair (n. ,TT. ), for 1 £ k <^e, n. Is the weight associated with 

a derivation of substring b.  ...b , and if. is the corresponding correction 

of b. ....b. from this derivation. 

Algorithm 2.3. Computation of dK(L(G),y) 

input:    An  expanded grammar G' • (N1 ,E',P',S'), an Input string 

y = b.b....b 'n ^''  an(' *,a 9'ven Pos'tive integer. 

output: dK(L(G),y) and x.x2-..xK the K nearest strings to y in L(G). 

Method: 

Step  1.    Add  item  [E •*• •  S\0,<|>] to  lQ.     Set j = 0. 

Step 2.     If  [A •*• a • Bß,t,(n. ,*.)...(n^,* )]   is  in  I. and B ->• y 

is a production rule  in P1,  then add item [B -*• • y,j,4>I  to  I 

Step 3.     If   [A -»• o  •  By,h,(n. ,ir.). ..(n  ,ir )]   is  In  I.  and 

[B+e  •,i,(m1,T))...(mf,Tf)]   is  in  I., 

(a)   if  Item of the form LA •* aB  • y,h,(lj ,nj). ..(1' i tV ,)] 

cannot be found  in  I.,  then add  [A ->• a B« y,h,(l. ,tii) •• • 

(1   ,n )]   to  I,, where each pair are chosen from the set N. 
g   g J 

J 

N - {(C+n +m ,  ir X)  1   <^ p £ e, 1   <_ q <_ f, and X - B  if 
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B •* (5, 5 Is an error production, or X • T , otherwise}, 
q 

such that I, < 10 <...< 1 are the g smallest left hand 
1 — 2 —  — g 

side numbers having distinctive right hand side in N. 

g «= |N|, if |N| < K or g - K if |M| >_ K where |N| is the 

number of elements in the set N. 

(b) If item of the form [A + ctB • y,h,(lj,nj)...(1',,n',)] 

is already In I., then rearrange the set of pairs 

(lj,n])...(l_,,ngl) tobe (l|,Hj)...(l ,nJ suchthat 

T\,,T\~...I\    are g distinctive strings and I. £ 1* <, ••• £ 1 

are g smallest number in the set N' - NU{(l|,n{)> 

(4,np...(lgongJ} and g - |N'| if |N'| < K, or g - K if 

| N • | > K. 

Step k.    Repeat Step 3 until no new Item can be found. Then if j»m, 

go to Step 6, otherwise j"j+l. 

Step 5.  For each item [A •* ab. • ß, i, (n. ,ir.)... (n ,* ) ] in I, ., 

add [A •*• ab, • 6, i, (nj .w^)... (n ,ir )] to I.. Go to 

Step 2. 

Step 6.  If item [E-*-S' • ,0, (n. ,ir.)... (nK,irK)] is in I , then 

dk(L(G),y) - ^In,. 

The pairs (n,,ir.), 1 <^ k <_ K in the items of the parse lists are 

added for bookkeeping of the K nearest strings L(G) to the input y. 

During the derivation of substring b.+j...bf, the corresponding corrected string 

are recorded such that identical strings caused by ambiguity of the grammar 

will not appear in the final set of the K nearest strings. 
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2.3.    Error-Correcting Parsing for Context-Free Programmed Languages 

2*}.l«    Context-Free Programmed Grammar 

Definition 2.6.    A context-free programmed grammar  (CFPG)   Is a 

5-tuple G - (N,E,S,P,J) where 

(1) N  is a finite set of non-terminals 

(2) £  is a finite set of terminals 

(3) S  Is the start symbol   in N 

CO    P is a finite set of programmed productions 

(5)    J  is a finite set of production lables 

Each production in P consists of a  label   reJ, a core production of the 

from A •+ a where AeN, a e  (NUI)   , and a success branch field and a 

failure branch field each consisting of elements from J. 

A derivation or generation in G proceeds as follows:    the first 

production  is applied to the start symbol  S; therefore,   if production r 

Is applied to the current sentential  form y to rewrite a nonterminal A, and 

if y contains at least one occurrence of A,  then the leftmost A Is rewritten 

by the core of production r and the next production label   is selected from 

the success branch field of r;   if the current sentential  form does  not 

contain x,  then the core of production r cannot be used and the next 

production label   is selected from the failure branch field of r;   if the 

applicable branch field is empty,  the derivation halts. 

Example 2.2.    Consider the CFPG G    - (N,E,A,P,j) where 

N - {A,B,C}, Z - {a,b,c}, J - {1,2,3,4,5} and P: 

MA*^"-  - •-   • — !.•>   .1  i*.   Hi ..—.-.   - 
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label 

1 

2 

3 

4 

5 

core 

A •* aBC 

B + aBB 

C -> CC 

B -> b 

C -*- c 

S(U) 

2,4 

3 

l,k 

4 

5 

F(W) 

L(G ) = {anbncn|n > 1} 

A syntax analysis procedure for CFPG's has been proposed by Swain and 

Fu [48]. The algorithm can be explained by using the following example. 

Example 2.3» Figure 2.3 Is a schematic diagram of the analysis of the 

string abc with respect to grammar G . The notations used are 

explained as follows: 

(1) For any nonterminal AeN, A.(y)A indicates that the string y was 

generated from the nonterminal A which was rewritten as y at the 

ith step. 

(2) A downward arrow indicates a generative step. An upward arrow 

indicates backtracking. Backtracking is occurred when a 

generated sentential form is incompatible with Input string. 

That is, the parsing detects at this step that if the analysis 

continues along the current path (or derivation), the string 

generated will be different from the input. 

(3) The branch labels have the form ?k(^) - t, where £ Is S (success) 

or F (failure); subscript k indicates the application of the kth 

production; £ indicates the selection of the £th branch in the 

- • • -*• -- • - - — 
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s0(D - 1 

N^aBC)  n} 

N,(aN,(aBB)N,C)N 

vSj(3)   undefined 

«  2    2  *     N^aM^bjNjOH, 
Terminate analysis 

of abc 

\<1> " 5 Fij(2) undefined 

N,(aN2(b)N2N3(c)M3)N1 

F5(l) - • 

Successful analysis, 
report and backtrack 

Figure 2.3 Analysis of abc with respect to Gp. 

mmt^^tmn^F^^ 
mmJm,äm 

-•-- •"- -'-- 
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I  field, which Is the branch to the production labeled t. By 

definition, £, (t)  - $ indicates the termination of a path down 

the tree, which constitutes a successful parsing If the current 

sentential form is identical to the string being analyzed. The 

analysis of the string Is complete when £. (fc) is undefined 

for k = 1 and some t. 

2.3.2 Error-Correcting Parsing Algorithms 

Using the parsing algorithm for CFPG proposed by Swain and Fu, a 

parsing is considered to be a failure when all the paths in the analysis 

procedure terminates with an sentential form that Is incompatible with the 

input string. 

Example 2.U.    Given a sentence, aabc, the parsing with respect to 

G is illustrated in Figure 2.4.  In Figure 2.4, the analysis is 

complete without generating a successful parse.  It concludes that 

aabc i  L(G). 

Let y be an input string, n be a preset positive integer. Suppose 

that a parsing is allowed to continue along the path in which an incompatible 

sentential form is generated. Backtracking is occurred only when a 

generated sentential form Is considered to have the potential of generating 

a string with at least a distance n from the Input string. Using this 

method, a syntactically correct sentence x can be generated such that 

d (x,y) <_ n. A complete parsing procedure startswith n=0.  If the analysis 

based on n fails, then n Is increased by one and the analysis procedure 

is repeated, otherwise parsing is completed and d (x,y) «= n. The algorithm 

is described as follows. 

•    -• — 

V '. • '        »,i 

j-faii-* •! •-—^-•--1- -rrr— i"--  . 
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S0(!) - 1 

A](aBC)A1 

S.(l) -2 
1   //S,(2)-i. 

A1(aB2(aBB)B2C)A] 

S2(D « 3y 

VS.(3) undefined 

terminate analysis, 
aabc is rejected. 

A1(aB2(aBB)B2C3(CC)C3)A1 
A1(aB2(b)B2C)A] 

S3(l) • 2 
// S3(2 - «, 

A^atB^aB^aBBjB^BjB^CCCK^A 

A, (aBjjlaB^bjB^BjB^fcOC^A, 

i 

A1(aB2(aBi|(b)Bi|B5(b)B5JB2C3(CC)C3)A1 

Figure 2.4 The syntax analysis of aabc with respect to G 

r*^  — 
^ 
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Algorithm 2.k.    MDECP for CFPG 

Input: A CFPG G - (N,E,S,P,J) and an Input string y = b,b,...b 
P I     c i 

output: A string x e L(G ), and d (x,y) 

Method: 

Step 1. Set n-0. 

Step 2.  Call subroutine PARSE(n) 

Step 3.  If "Analysis Fall", n-n+1 go to Step 2. 

Step k.    d (x,y) • n, exit. 

Subroutine PARSE(n) 

Index and array; 

£. {I)  as explained in Example 2.3, 

f.   the left hand side of the kth rule, 

r.   the right hand side of the kth rule, 

X    generated sentential form, 

STACK(i, 1) indicates S or F, STACK(t, 2) Indicates the production 

rule lable. STACK(i, 3) indicates the branch in S or F field of 

the Uh step In a derivation. 

operator: 

X = X(f «— r ) denotes that the left most nonterminal f in X Is 

replaced by r  In the ith_ step. 

X = X(ft —• r ) denotes that the substring r in X is replaced by 

f , where r is placed In X at the lth_ step. 

Method: 

Step 1. Set k»l, 1=0, £-1, C-S and X«r.. 

Step 2.  If €k(£) is undefined then go to Step 5, otherwise let 

t=?k(-d).  If 5=F, then go to Step k. 

Step 3.  If f. cannot be found in X, then £«F, £-1 and t=Fk(£). 

^•^^WWW-JF- 
.' *••••>•• 

i^.n.n.rm 
!T ,:.; 
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Step k.    Let 1-1+1, STACKO, l)-£, STACK(i, 2)-k, STACK(i, 3)-£- 

Let X - X(ft +-J- rt). Call subroutine C0MPAT(n, X).  If 

"Compatible," and ff X Is a terminal string, then "Analysis 

Success" Exit, otherwise k-t, £=1, go to Step 2.  If 

"Incompatible" go to Step 5- 

Step 5.  If 1-0 then "Analysis Fall" , exit. Otherwise X - X(ft -U rt), 

C-STACK(I, 1) k-STACK(l, 2), *«STACK(i, 3)+l, I-I-l go to 

Step 2. 

Subroutine C0MPAT(n, X) 

Index and array; 

M - |X|, the length of sentential form X. Assume that X - B.B....I . 

D(I, j), stores the number of potential errors between B.B....6. and 

b|ba<..bi. 

Method: 

Step 1. 0(0, 0)-0 

Step 2. Do 1-1 to M 

0(1, 0) - D(l-1, 0)+l 

D(f, 0) - 0(1-1, 0) 

Step 3.  Do j-1 to m 

D(0, j) - D(0, j-O+1 

Step k.    Do i-1 to M, DQ j-1 to 

(a) If B. is a terminal and Bj j« b. then m, - D(i-1, j-l)+l 

otherwise m. - D(j-1, J-1). 

(b) if B, is a terminal then m2 - •(!"!, j)+l otherwise 

mj - D(i-1, j). 

if  B. is a terminal 

if  B. Is a nonterminal 

m 

- -- • *~~.-,.~.. 
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(c)  if B. is a terminal then nu - D(l, j-l)+l otherwise 

m, - D(I, j-1). 

D(l, j)-mln (mj,m2,m3) 

Step 5.  If D(M, m) > n then It is "Incompatible" otherwise 

"Compatible". Exit. 

Example 2.5»  Let the string aabc be parsed by Algorithm 2.4. The 

result of the first analysis (n-0) is shown In Figure 2.4. Since 

"Analysis Fail" is reported, the algorithm then increases n by one. 

Figure 2.5 describes the result of the second analysis where an 

"Analysis Success" is reported. The algorithm generates the 

corrected string "abc", d (abc, aabc)-l. 

2.4. Error-Correcting Parsing on a Stochastic Model 

Basic notations and definitions of stochastic context-free grammar 

(SCFG) given in [62-63] are briefly reviewed. 

Definition 2.7. A SCFG is a 4-tuples G$ - (N,Z,P$,S) where, 

N Is a finite set of non-terminals, 

I Is a finite set of terminals, 

P is a finite set of stochastic productions, each of which Is 

of the form: 

'«j 
• ajt» J " '»2 nj, 1 • 1,2,...,£ 

where n.   is the number of productions with A.  at  left-hand side, 
* 

I Is the number of non-terminals, A.   c N, a.,  e  (NuT)   , and p.. 

is the probability associated with this production.    Furthermore, 

n, 

0 < p,, £ 1 and    ][ 
j-' 'U 'U 

•• I. ••nu i ii i  m   
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s0(i) - I 

A, («BOA, 

S,(l) 

A,UB2(aBB)B2i)A,    r 
's,(2)-* X 
D     fU t 

(3) undefined 

terminate analysis 

S2(1) - 3 
AJUBJMBJOA, 

F4(0 - 5 
A^aBjCaBBjBjCj^CjCjjA, 

s3(i) AjfaBjfb^CjCcKjjA, 

A, (aB2(aB^(aBB)B^B)BJCJ(CC)C j) A,\ 

A,(aB,(aB,,(b)  F^l) - • • AjUB^aB^b) 

B^CCK^A, 

L     successful analysis, aabc Is 
AjlaBjtaB^aBBjB^BjCjtC^COCjOCjA, ^    reported to be one error. 

Sj(l) - V* \V * 

//*im*k^\ AjtaB^aB^bjB^B  (b)B C3(CC)C3)A, 
A, (aB2(aB^(aB6(aBB)B68;B^Br 

»JC.KC.lCC)CJC)C.)A. 
35 *     * \ F4(D - 5 

A, («B2(aB^CeB6 lb)BgB)B^B)BJCJ(C?(COCjC)A, 

A,(aB2(aB^(b)B^5(b)B5C3(C6(c)C6C)C3)AJ 

S^ll) - 1 s5(. :.i A,(aB2(aB^(aB6(b)B6B7lb)B7)B(|B)B2C3(C5(CC)C5C)A1 

A,(aB2(aB||(b)B^B5(b)B5C3(C6(c)C6C7(c)C7)A1 

Figure 2.5    The analysis of aabc when n-1 

:'-t-':'    —-•• Mftalia*ltaif'"'%al[l HI I   -----  ,.,_ _*^ 
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Definition 2.8.    The stochastic context-free language (SCFL) 

generated by SCFG G    is 
5 

*   pi 
L(GS) - {(x, p(x)) | x e Z  ,  S >  x, 

k 
j - l,2,...,k, and p(x) - J p.} 

j-1  J 

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

and p. is the probability associated with the jth distinctive 

derivation of x. 

Definition 2.9. A SCFL Is consistent If \    p(x) - 1. 
xeL 

2.4.1. A Stochastic Model for Syntax Errors 

Following the notation of error transformations, the deformation 

probabilities associated with the three types of transformations, namely, 

Ts, T., T are defined as follows: 

(1)  Uja(ü2 \ 
Ts,qs(b|a) 

u bu , where q. (b|a) Is the probability of 

substituting terminal a by b, and ai*b, 

T,,q,(b|a) 
baw , where q.(b|a) is the probability of u »""2* 'I (2) »}au2   \ 

inserting terminal b in front of a, 

T ,qD(a) 
(3) u.au. |  ai.u-, where qn(a) Is the probability of 

deleting terminal a from a string. 

(*) x I- 
T,,qj(a) 

xa, where q.(a) Is the probability of inserting 

terminal a at the end of a string. 

Let qs(a|a) be the probability that no error occurs on terminal a, 

which could be Interpreted as the probability of the non-error trans- 

formation on a. Assume that for each terminal symbol there can be at 

Ü II  III! "^--   •--•-•• -----^    -••  
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most one error existing. The deformation probabilities on this single- 

error model is consistent if 

I    qs(b|a) +q (.) + I    q (b|.) 
bei s       u    beZ 

for all a e I 

- 1 (2.7) 

y.) 

Let o e Z    be a substring the probability that symbol a is deformed 

to a, denoted q(a|a), is defined as follows: 

If a  - A 

q(o|a) - 1  max{qs(bia),q|(b|a)qD(a)}    if a - b (2.8) 

lq,(bj|a) ... q( (b^_j |a) max[qs(b^|a) ,q,(b^|a)qD(a)] 

If a « b....b., I >  1 

Note that a substitution error can also be considered as an insertion 

transformation followed by a deletion transformation. The consistency 

of this multiple-error stochastic model defined In (2.8) can easily be 

proved from (2.7). Therefore, we have 

I * q<«l«> - i (2.9) 
a el 

The proof of (2.9) is given In Appendix A. 

The probability of inserting a, a e I , at the end of a string !s 

defined as 

(I - q i. when a • A 
q'(o) - \ ' 

1 (I - q',) q", (to,) fl',^ — <*'\(bt> 

when a • b. ... b», t >_ I 

(2.10) 

11 «M 
:..•.-•••• -•••fiv -•:     •^.'••••fJ**Sfäifif^ 



 , „._,.  '.-(••TW' .lwli,u«>..<..UiVu«vjiiWupni»iN   .im • .ip ••in   in i   ii «wmmmmm 

ael 

Furthermore, 

41 

where q' - I      q'(a) 

I . q'(a) - (1-q' ) 
OEZ 

I   (q\)' 
I i-0 

(2.11) 

It Is also assumed that for any string of symbols a  a-»-..»a e I, 

and strings a., cu,...,a , a.• e E we have 

q(o1«2...on+1|a1a2...an) - q(a1|a1)'...q(on|an) q'^+l*   
(2J2) 

With the deformation probability defined on each terminal of a 

string, the probability of deforming string x to string y, q(yfx), where 

x = a,a0...a  is defined as I z   n 

q(y|x) - max[ n q(a |a.)]q'(o .) 
I j=|   J J     n ' 

(2.13) 

where a....a a ., |a.| ^ 0, is a partition of y Into n+I substrings, and 

1 <^ I <^ r, r Is the number of different ways of partitioning y into 

n+1 substrings. 

A graphical interpretation of (2.12) is particularly illustrative. 

Consider an example, In which x = a.a.a-  and y «* b^b.b^, whose lattice 

is shown in Figure 2.6.  In this lattice, a horizontal branch indicates 

an insertion transformation, a vertical branch indicates a deletion 

transformation, and a diagonal branch indicates a substitution transfor- 

mation or a non-error transformation. 

In Figure 2.6, each traverse from point B to point E represents 

one way of deforming x Into y. The heavy line indicates that b. is an 

insertion in front of a,, b? Is a substitution for a., a. Is deleted, 
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x • a 

I 

Insertion 

**E 

(1-q,)q,(b4) 

\ 

deletion 

substitution 
or non-error 

Figure 2.6 The stochastic deformation model 
described by a lattice 

"-'kiij-^'-   •-- -*••• -- •-• - _ ^*. 
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b substitutes a., and b. Is inserted at the end. This deformation is 

made possible by partitioning y into a.aocucu, where a. - b.b-, 

a2 * A' °3 " b3* ak  " *V We have' 

<l(a,a2a3al»lala2a3^ 

- q^bjla,) qsC^Ja,) * qn(a2) * q^^) * (l-q' ,)q', (b^) 

There are numerous ways of deforming x to y, the deformation probability 

q(y|x) can be interpreted as the probability associated with the most 

likely path from point B to point E. 

2.A.2. Maximum-Like1ihood Error-Correcting Parser (MLECP) 

Let L(G ) be a given SCFL, and y be a noisy string, y { L(G ). The 

proposed maximum-1ikelihood error-correcting parsing algorithm is to 

search for a string x, x e L(G ) such that 

q(y|x) p(x) - max {q(y|z) p(z)|z e L(Gs)} (2.14) 

where p(z) is the probability associated with z in L(G ). 

Similar to Algorithm 2.1, the construction of expanded grammars 

based on a stochastic deformation model is given as follows: 

Algorithm 2.5.  Construction of stochastic expanded grammar, 

input:  A SCFG Gg = (N.E.P ,S) 

output: G' • (N',11,P',S') the stochastic expanded grammar. 

Method: 

Step 1.  N'«NU {S'} U {Ea|a e Z}. 

Step 2. I'   D  E 

Step 3.  If A -E-» a
Q

b]aib2a2  ... b b , m ^ 0, is a production in 

P such that a.   is in N , and b. is In E, then add the 

- — -   • - ••• - '-^'-'—-  - • — —     .*Jt 
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production A ——• ortE.   o.E.    ...E.   a    to P  ', where each 
o D, i D»   b_ m    s 

i   L m 
E.  Is a new non-terminal, E.  e N'. 
b, b, 

Step 4. Add to P ' the productions 

(a) S'  U s    where q! - \     q' (a), 
. ael' 

* 1(a) 
(b) S' —LiSZ» S'a   for all a e I'. 

Step 5. For all ael,  add to P ' the productions 

qs(a|a) 
(a) E. 

(b) E. 

•*•  a 

"S (bla) 
•* b    for all b e I',  b +  a, 

(C)  Ea VfU x 
q,(b|a) 

(d) E — >  b E  for all b e E' 
a a 

Suppose that y is an error-deformed string of x, x - a.a,...a . By 

Pi 
using productions added to P  by Step 3» we have S g**r* *» where 

P, s 
X • E E ...E , if and only if S  '' > x, where p. is the ith derivation 

al a2   an Gs l 

of x in G . Applying Step 4(a) first and then repeatedly applying 
P,' 

Step 4(b), we can further derive S' fi < > X a . where p ' • p} q'(o j). 

S ^«sl3») 
The productions in Step 5 generate E 

'I 
a. for all I < I < n, 

If OpC^ <*n+j is a partition of y. Step 5(a), (b), (c), and (d) 

correspond to non-error transformation, substitution transformation, 

deletion transformation, and insertion transformation which allows 

multiple insertions, respectively. 

Thus, the stochastic language generated by G is 

L(G') - {(y,p(y))|y e z*, P(y) - I     I  q
l(v\x)  P(X)> 

xeGs i-1 

•"^m»»ir 

—^ —• -  -•- •  • 
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where r Is the number of distinctive sequence of transformations to derive 

y from x, and q (y|x) is the probability associated with the ith 

sequence, I <_ I <_ r. 

The consistency of L(G') can be proved from equation (2.9), (2.II) 

and (2.12). 

It is proposed to use a modified Ear ley's parser on G ' to Implement 

the searching of the most likely correction of a noisy input. The 

algorithm is essentially Earley's Algorithm with a provision added to 

keep accumulating the probabilities associated with each step of 

derivations. 

Algorithm 2.6. Maximum-Likelihood Error-Correcting Algorithm 

input:  A stochastic expanded grammar G ' • (Vf,Z',P ',S) of G , 

and string y * I ,b,...b„ in I' . 
12   m 

output: Parse lists of y. 

Method: 

Step I. 

Step 2. 

Set j - 0, and add [E •*•  • S', 0, 1] to I.. 

(a) If [A •+ a  • Bß, i, p] is in I., and B —$->  y Is a 

production in P ' add item [B •*• • y, j, 1] to I,. 

(b) If [A + a •, i, p] Is in I. and [B -»• ß • Ay, k, q] is 

in I ., and if no item of the form [B •*• 6A • y, k, r] can be 

found in I., add a new item [B -»• 6A • y,k,tpq] to I., 

where t is the probability associated with A •* a in P '. 

If [B -*• BA • y, k, r] Is already In I., then replace r by 

tpq If tpq > r. 

«fill  lO>.n.,H. 
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Step 3-  If J - m, go to Step 5. Otherwise, j « J+l. 

Step k.    For each Item In I._. of the form [A •* a •  b.ß, I, p] 

add item [A -* ab • ß, I, p] to I., go to Step 2. 

Step 5.  If item [E * S' •, 0, p] is In I , exit. 
m 

The extraction of the most likely correction of y, x, that satisfies 

equation (2.14) are the same as that in NDECP. 

From Step 5, the probability, p, In the item (E •+ S* •, 0, p] of 

the last parse list, I , gives the value of q(y|x)p(x) for some x c L(G ) 

that satisfies equation (2.14) if the stochastic grammar, G is 

unambiguous. Since whenever a substring has more than one derivation, 

the algorithm chooses the one associated with the largest probability. 

Consequently, the derived number, p, is q(y|x)p.(x), where x is the most 

likely correction of y and p.(x) is the probability associated with the 

jth distinctive derivation of x with respect to G (refer to Definition 2.8). 

Therefore, only when x has one derivation can p be interpreted as 

q(y|x)p(x). 

2.4.3. Bayes Classification of Noisy Patterns 

Assume that there are two classes of syntactic patterns, C. and C«. 

Let x be a pattern. Suppose that the probability density function for 

x in C, p(x|C.) and the a priori probability of C, P(C), where I • 1,2, 

are known. Using Bayes rule, the aposteriori probability thatx is in 

class j is 

p(x|C.)P(C.) 
P(Cj|x) - -r 1 1  , for J - 1,2 

I    p(x|C.)P(C. 

(2.15) 

r ,wr 

.l.^ll —, —. 
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Then, the maxImum-1 ikeIIhood decision rule (or Bayes decision rule) is, 

C 
decide xe     If P(C, |x) * p(cjx) (2.16) 

C2 

Let C., C- be two set of training patterns for C. and C- respectively. 

Two stochastic grammars Gj - (N.,E.,P.,S.) and G, • (N2,l2»
p
2»
S2^ are 

constructed to characterize C. and C„ respectively, such that the 

probability of a sentence in L(G.) yields the probability of its corres- 

ponding syntactic pattern In C., for I • 1,2. Let the probability of x 

in L(G.) be denoted as p(x|G.), where x is a given sentence. p(x|G.) can 

be taken as p(xjC.) in equation (2.15)> The maximum-likelihood decision 

rule is then applied for recognition, provided that x is in l_(G )U L(G„), 

[6k].    We shall rewrite equation (2.15) and (2.16) as follow: 

C, 
decide xe  ' if  p(x|G])P(C1) » p(x|G2)P(C2)      (2.17) 

Note that p(x|G.) - 0 if x | L(G.) 

The purpose of this section is to provide a recognition rule that 

minimize error rate for a given string, even if  It  is not in any of 

the languages under consideration. Let the deformation probabilities 

of terminals in G. and G be known. Let G.' and G»1 be the stochastic 

expanded grammars for G. and G„ respectively according to the deformation 

probabilities. Given a string y, we shall Interpret the term q.(y|x)p(x) 

that satisfies equation (2.14) as the probability that y Is an error 

deformed string of L(G.), and denote it as q(y|G.r) where q,("|") denotes 

the deformation probability of terminals in G.. Then equation (2.ft) can 

be rewriten as 
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q(y|G,') - max {q,(y|z)P(z)|z e L(G,)> (2.18) 

The use of expanded grammar, G.', enlarges the probability space from 

L(G.) to L(G') In which the deformation probabilities are employed to 

adjust the density function p(x|G.) for x e L(G.). Consequently, the 

probability density function defined in equation (2.18) for sentences 

in L(G.") more closely yields the distribution of syntactic patterns 

in C-. Let the recognition rule be as follows: 

decide ye  '  If q, (y|G, 'WC,) *  q2(y|G2')P(C2)    (2.19) 

2.A.k.   An illustrative Example 

A chromosome pattern classification problem is used as an example. 

Consider that there are four different types of chromosomes-submedian, 

median, accrocentric, and telocentrie-denoted as  C_, C„, C., and  C-, 

respectively [64,65]. The typical chromosome patterns of each of the 

four types are illustrated in Figure 2.8. Let the SCFG's for C-, C,., 

C., and C_ be G  GM, G., and G-, respectively. Segmentation errors 

due to noise and distortion in input patterns are  considered as Insertion 

or deletion errors, and, primitive extraction errors are considered 

as substitution errors. With a set of training samples, we can estimate 

deformation probabilities based on the segmentation and primitive 

extraction errors committed by the syntactic pattern recognition system. 

Then the MLECP's are  constructed from the estimated deformation probabilities 

and SCFG's for each type of chromosomes. A set of samples, generated 

from the stochastic expanded grammars Gs', G^', GA\ and GT' (Algorithm 2.5), 

is  then used as the test samples. They are classified by a Bayes 

I Hill* VI Ml, - 
  '"— -'  .-•—.-,. : 
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Input y 

P(C,) 

MLECP 1 lÄA-, 

T" 

Maximum 
Amp]itude 
Detector 

y  is  fn 

class j 

Figure 2.7    Bayes classification system fer noisy strings 
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cbabbdbbbabb 
cbbabbbdbbab 

(a) 

median 

cbabbdbbabcbabbdbbab 

(b) 

a  a 

acrocentrlc       telecentric 

cadbbbabbcbbabbbda  ebbbabbcbbabbb 

(c) (d) 

Figure 2.8    The typical  chromosome patterns 
and their string representations 
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classification system shown in Figure 2.7.    All   the programs  in this 

paper are written  in Fortran  IV on a CDC 6500 computer. 

(A)    Pattern Grammars 

Let the apriori  probabilities P(C$), P(CM>, P(CA> and P(CT> be  .5, 

.26,   .20, and .04,  respectively  [64].    The pattern grammars G., G      G., 

and Gy are given  in Table 2.1.    The deformation probabilities of each 

terminal  are given  in Table 2.2.    For illustration only, we assume that 

the deformation probabilities of different classes are the same,  the 

probabilities  in Table 2.1 and Table 2.2 are rather arbitrarily assigned. 

GS"  <VWS) .    GM°   <VEM'PM'S) 

P„:       S    ,5    *   WU S" 

S •5    >   UW 

W    ]'    » cM 

U -L=—> cN 

M -I*—> bRb 

N    Li    » bLb 

R    tS5 > bRb 

R    •*?•» aQF 

Q    -6    ft b0.b 

Q    •*    > bdb 

L    •?? > bLb 

L    ttf > FQa 

F    til    > bFb 

F    -6    > bab 

Ns - {S,W,U,M,N,R,L,Q,F} 

Es - {a,b,c,d} 

p  • s - -L— WW 

w - -L— cM 

M - -L*-» bNb 

N • ̂ Su bNb 

N • *ÄL> a Fa 

F ,6> bFb 

F -JL_ bdb 

NM - {S,W,M,N,F} 

IM - {a,b,c,d} 

':--—--— -• • .  1T[——*—•»*•— — •• - --•• 
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PA: 

GA - < VWS) 

s ——> uw 

U -^—+ ca 

W '' > Qa 

Q ]m    > dMd 

M ,6 » bHb 

M '* > bNb 

N •' > a¥a 

F ,55 > bFb 

F -*!&-* beb 

oT - (NT,rT,PT.s) 

S ]'    > eM 

M '* > bMb 

M -^ > bNb 

N K > aFa 

F -55 > bFb 

F ,it5 > beb 

NT - {S,M,N,F} 

lj  - {a,b,c,e} 

NA - {S,U,W,Q,M,N,F} 

Z.  - {a.b.c.d} 

TabJe 2.1 G , G  G-, G_ for submedian, median, 

acrocentric, and telocentrlc, respectively. 

qs(a|a)-.97  qs(b|a)«0.  qs(c|a)-0.   qs(d|a)-.008 qs(e|a)-0. 

qs(b|b)-.963 q$(a|b)-0.  qs(c|b)-0.   q$(d|b)-.012 qs(e|b)-.003 

qs(c|c)-.965 qs(a|c)-0.  qs(b|c)-0.   qs(d|c)-.003 qs(e|c)-.0I 

q$(d|d)-.955 q$(a|d)-.01 q$(b|d)-.01  q$(c|d)-.003 q$(e|d)-0. 

qs(e|e)-.965 qs(a|e)-0.  qs(b|e)-.003 qs(c|e)-.01 q$(d|e)-0. 

qQ(a) -.01  qD(b) -.01 qD(c)  -.01  qD(d) -.01 qD(e) -.01 

ql(j|!)-.002i»   for all I, j,  I, J e {a,b,c,d,e} 

q!(l)-0.       for all I e {a,b,c,d,e} 

Table 2.2 Probabilities of terminal error transformations. 

•   •••••...„:.   .   . . .,._.    .      -   -  - 
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(B) Parsing-Time Speed-Up Technique 

As discussed fn [13], the time complexity of minimum-distance error- 

correcting parsing is 0(N3).  In a stochastic model, some of the 

probabilities associated with items in parse lists are so small that 

their corresponding derivations hardly ever occur. We may eliminate 

these unnecessary derivations by comparing the probability of an item 

with a lower bound before it is added to the parse list. 

Let [A -»• a • ß, i, p] be an item in I.. We set 5 as a lower bound. 

Then [A *  a • ß, i, p] Is allowed to be added to I. only If p > 5> A 

good selection of £ should depend on the tolerance of error density of 

a string. We use C(A)J" as the lower bound In this paper, where A, C 

are constants. The value of C should be less than the smallest deformation 

probability to permit its associated error to exist. The value of A 

depending on stochastic grammar rules should be small enough to guarantee 

successful parsing of noisy strings. 

For the string y - cbabdbabcbabdbab, Table 2.3 gives the approximate 

maximum number of errors allowed In a substring of given length when 

parsed by G ' with C - .001, A - .5. 

To illustrate the amount of parsing time saved by applying this 

technique, we parse a string both by G ' with a preset lower bound and 

without a lower bound. Figure 2.9 shows this comparison in terms of 

the number of items in each parse list when string cbabbdbbabcbabbdbbab 

is parsed by G • with the lower bound A - .5, C - .001. Total cpu time 

is 5.h  seconds with the preset lower bound and 3*»-3 sec. without. 

km-  iii- laiiiii» 
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without lower bound 

•  •   » *— with lower bound 

Figure 2.9    Comparison of number of I terns  in parse list of string 
cbabbdbbabcbabbdbbab parsed by G'  with and without 
preset lower bound 

   



"W"    «ii U-.-U....I.   ,     ,mt^, mlmm,mwwm[nm»     •'-•"'   .,»»*•• """"•••"••^"" ' " •""'    • i mmmmmmmmmmmm *» 

55 

length of 
substring 12    3^56789    10    11     12    13    14    15    16 

maximum no. of 
error allowed 1111122222      2      2      2      3      3      3 

Table 2.3    Maximum number of errors allowed  in substrings 
of cbabdbabcbabdbab when parsed by GM' with lower 
bound  .001   (.5)-»"'. 

JM 

Figure 2.10 shows a plot of parsing time versus string length using 

the MLECP constructed from G.' with lower bound .001(.5)J~'• The time 

complexity with the present lower bound appears to be 0 (n ), 2 < i < 3 and 

I  varies with the values of constants A and C. 

The trade-off of this speed-up is the generosity of MLECP. From 

Table 2.3, we notice that no string with consecutive errors can be 

successfully parsed in this example, but from G ', there is nearly 

2.5$ chance of consecutive errors for a string with string length 16. 

Therefore, the value of constant A and C should be carefully chosen 

such that the MLECP can meet a good compromise between its parsing 

time and error-correcting capability. 

(C) Classification Result 

Thirty-two test samples are generated from G^',, GM', G.', and G^' 

with average string length 27, of which 20 are erroneous. The 32 samples 

are then tested by the Bayes classifier with lower tound set at .001(-5) 

The result is that, among 32 samples, 29 are correctly classified. The 

rest of the three samples are too noisy to be correctly classified due 

^ •••  "* --•- - 
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20  22 Ik     26 28  30  32  3<t  36  38  HO  H2 string length 

Figure 2.10 cpu time vs. string length 
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to the use of lower bound of MLECP's. On the average, it takes 32.6 sec. 

to classify a string with an overall accuracy of 90.6%. 

2.A.5. Sequential Classification of Noisy Patterns 

In the previous section, we have designed MLECP's for the classification 

of noisy and distorted patterns. As it was shown, even if the lower 

bound of ECP are skillfully selected, the use of MLECP's is still too 

costly to be practically feasible. Persoon and Fu have proposed a 

sequential parsing scheme for strings generated from SCFG's [10], By 

using an optimal decision rule and a suboptimal stopping rule, the 

parser scanned only part of the input string when a decision is made. 

For a given specified probability of error, e, the sequential parsing 

scheme should be designed to minimize the average number of terminal 

symbols scanned. 

The sequential classification algorithm (SCA) consists of a decision 

algorithm and a sequential parsing algorithm (SPA) which is essentially 

an extension of Earley's parser. Since errors are randomly distributed 

in a string, and SCA requires only part of the string to be parsed, 

chances are that the parsing of a noisy string by SCA would be successful 

before an error has ever been detected.  Otherwise, a forced decision is 

made based on the information accumulated in the provision of SPA. 

Let y = a....a.a.+i...a be a noisy input string.  Suppose that we 

observed a,a_...a. (j <^ n). The sequential parsing algorithm (SPA) computes 

p(a,a2...a.|C;) which is the probability that a.a„...a. is a string in 

L(G.), and p(a....a.a|C.) which is the total probability of strings in 

L(G.) with a.a«...a. as their prefix. By using these two quantities, a 

stopping rule tells when one has to stop observing more terminals, and 

• I» in« , - .. i .•„' . .. 

-—-^—n-^—»-^-—- . •- 
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a decision rule assigns a ciass to y once the stopping rule indicates to 

stop. 

The SCA designed for processing erroneous strings is similar to 

the algorithms presented in [10] for non-error-correcting parsing. A 

forced decision rule is added to the algorithms such that a decision can 

be reached where parsing is terminated by illegitimate terminals. The 

restriction on using A productions in [10] is removed. The algorithms 

are given in Appendix B. 

Two hundred test samples are generated from G ' , G ', G ', and G,'. 

Among them, 112 are erroneous. The average string length is 26. The 

classification results of using SCA with a preset error bound e are 

illustrated in Table 2.4 which shows classification accuracy and parsing 

time with respect to various e.  In the second experiment, the 200 test 

samples are passed through a non-sequential Earley's parser constructed 

from Gc, G , G. and G_. The result is given at the last row of Table l.k, 
S   H   A      T 

For the purpose of comparison, the third experiment uses 200 correct 

strings generated from SCFG's G_, GM, G , and G_ as test samples. They 

are classified by using SCA. The results are shown in Table 2.5. Curves 

showing accuracy vs. parsing time of Experiment 1, 2, and 3 are given in 

Figure 2.11. 

From Table 2.5, if the parsed strings are error-free, the accuracy 

of sequential classification Increases montonically as the number of 

symbols scanned increases. One hundred percent accuracy may be reached 

when the error bound Is sufficiently small. Whereas, the curve of 

accuracy vs. parsing time (or the number of parsed symbols per string) 

is convex when the parsed strings are noisy.  In this case, the 

•— 
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accuracy, % 
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80 100     120     l'tO    160 
cpu time, 
sac. 

• Saquentlal classification of noisy strings 
PI Non-sequential classification of noisy strings 
x Saquentlal classification of unerring strings 

Figure 2.11 Accuracy vs. parsing time of sequential classifier 
and nonsequential classifier 
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Sequential Classifier 

no. of total cpu  ave. no. of parsed 
error bound e mlsclassifJcation accuracy time (sec) symbol per string 

.0 33 83.5* 162.5 16 

.03 26 87* 119.0 8 

.05 26 87% 118.5 8 

.1 27 86.5* 116.5 7 

.15 27 86.5* 113.4 7 

.18 30 85* 108.2 6 

.21 30 85* 104.8 6 

.25 32 84* 88.8 5 

.3 35 82.5* 82.7 4 

.35 57 71.5* 52.4 I 

.4 57 71.5* 49.1 I 

.5 93 53.5* 37.1 1 

.6 101 49.5* .036 0 

Non-sequential Classifier 

112 44* 27.0 

Table 2.4 Classification results from 200 strings 
(112 of them are erroneous) 

Sequential Classifier 

no. of total cpu  ave. no. of parsed 
error bound e mlsclassif(cation accuracy time (sec) symbol per string 

.1 0 100* 128.2 8 

.2 11 94.5* 110.2 7 

.35 51 74.5* 50.0 1 

Table 2.5 Classification results from 200 correct strings. 

w^ww». 
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accuracy of the sequential classifier cannot reach beyond a maximum point. 

In our example, the maximum Is 87% accuracy when error bound Is .05 

with average parsing time .6 sec per string. The interpretation is 

intuitive, the more symbols are scanned, the higher the accuracy SCA can 

reach, and the better the chance an error is» detected.. As soon as an 

error is announced by the SPA of all the pattern grammars, a forced decision, 

whose low accuracy plays the counterpart, must be made. 

To increase accuracy beyond the maximum accuracy of sequential 

classifier, we can use a sequential error-correcting parser as the 

classifier which is a SCA with its SPA constructed from error-induced 

grammars. The results of classifying 200 noisy strings are given in 

Table 2.6. When error bound Is .15, the sequential error-correcting 

classifier reaches Skt  accuracy with average 19.1 sec per string. 

Comparing with the result of 90.2% accuracy and average 32.6 sec per 

string using a non-sequential error-correcting classifier in Section 2.4.3, 

the sequential version achieved a slightly higher accuracy with less 

average parsing time. 

The effectiveness of using SCA for processing noisy strings Is 

largely pattern grammars dependent.  It is noted that, most misclasslfications 

of SCA occur between median and submedian because no distinctive difference 

appears at the first few symbols of their string representations. Whereas, 

it takes only two or three symbols to discriminate acrocentric from the 

other three types with very high accuracy. We may conc.ude that to 

increase both accuracy and efficiency using SCA, pattern grammars should 

be carefully constructed such that informative symbols will appear at 

the first few positions of derived strings. 

•^•^-» 
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no. of total cpu  ave. no. of parsed 
error bound e misclassffication accuracy time (sec) symbol per string 

.15 12 Sk% 3816 8 

.25 27 86.5% 2650 5 

Table 2.6 Sequential error-correcting classification. 

kill HI   i    ... 
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CHAPTER 3 

ERROR-CORRECTING TREE AUTOMATA 

3.J  Introduction 

In applying syntactic methods to pattern recognition, one-dimensional 

(string) grammars are sometimes inefficient in describing two- or three- 

dimensional patterns. For the purpose of effectively describing high- 

dimensional patterns, high-dimensional grammars such as web grammars, graph 

grammars, and tree grammars have been proposed [50-52]. Properties of 

generalized finite automata, called tree automata, which accept finite 

trees of symbols as its input, have been studied by several authors 

[66-70]. Brainerd [66] proves that the class of systems which generates 

exactly the sets of trees accepted by the automata is a regular system. 

Fu and Bhargava [50] introduced the application of the tree systems into 

pattern recognition.  In practical application, tree grammars and tree 

automata have been used in the classification of fingerprint patterns 

T38], the analysis of bubble chamber events [7*lJ, and the interpretation 

of LANDSAT data [39], etc. 

The descriptive power of tree languages and the efficient analytical 

capability of tree automata made the tree system approach to pattern 

recognition very attractive. This chapter is concerned with the error- 

correcting version of tree automata. Unlike the string case, where the 

only relation between symbols is left-right concatenation, a tree structure 

would be deformed under deletion or insertion errors. The structure- 

IIIIIIMII« 1- •*'•» 
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preserved error-correcting tree automaton (SPECTA) proposed in Section 3-3 

takes only substitution errors into consideration. By introducing a blank 

element, a deletion error can be treated as substitution of a non-blank 

element by a blank element, and an insertion error becomes a non-blank 

element in substitution for a blank element. An example of using SPECTA 

in LANDSAT data interpretation is presented. 

In Section 3. *», syntax errors on trees are defined in terms of five 

error transformations; namely, substitution, stretch, branch, split, 

and deletion. The distance between two trees is the least cost sequence 

of error transformations needed to transform one to the other. Based on 

this tree metric, a generalized error-correcting tree automaton (GECTA), 

is formulated, where transformations made on each terminal symbol are added 

to the system in the form of transition rules. An example of hand-printed 

character recognition  is given to demonstrate  the  operation of GECTA. 

3.2 Definitions 

In this section, some basic definitions on trees, tree grammars, and 

tree automata given by Brainerd [66] are briefly reviewed. 

Definition 3.1.  Let N be the set of positive integers.  Let U 

be the free monoid generated by N .  Let • be the operation and 0 

the identity of U. The depth of aeli is denoted d(a) and defined 

as follows: d(0)-0, d(a«l)=d(a)+l, IEN
+
. a <. b Iff there exists 

xeU such that a«x=b. a and b are incomparable iff a £b and b £a. 

Definition 3.2.  D Is a tree domain iff D Is a finite subset of U 

satisfying (1) beD and a < b implies aeD, and (2) a«jeD and I < J 

•n N  Implies a«leD. 
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Definition 3-3. A rank Is a pair <E,r> where I Is a finite set of 

symbols and r:E-*N. Let E • r (n). 

Definition 3.*». A tree over I (I.e., over <E,r>) Is a function 

a:D-*£, such that D Is a tree domain and r[a(a)] - max{i |a«teDh 

i.e., the rank of a label at a must be equal to the number of branches 

in the tree domain at a. The domain of a tree is denoted D(a) or D . 
a 

Let T_ be the set of all trees over E. The depth of a is defined as, 

d(a) • max(d(a)|aeD }. 

Definition 3.5.  Let a, b, b'eU such that b - a-b', then b/a • b'. 

b/a is not defined unless a <_ b. 

Definition 3.6.  Let cxcTj,, and aeDQ, «/a - Ub,x) | (a*b,x)ea}, a/a is 

the subtree of a at a and a/a occurs at a in a. 

Definition 3.7. Let aeT_, aeU, then a*a - {(b,x)|(b/a,x)ea). 

Definition 3.8.  Let a cDa, a, ßeTj., then a{a+#)  « f (b,x)eajb£a) U a«ß. 

This Is the result of replacing the subtree a/a at a by the tree 6. 
n 

Using postfix notation, the tree a «= U i «a. (J{ (0,x)} is represented 

by Jia2''*a x< 
1-1 

Definition 3.9. t is a term over <E,r> Iff t - xeErt or t - t.t,...t x 
—————— 0       I /   n 

where XEE , and t,, I < I <n, isa term, T_ Is the set of terms over 

Z. Ther« Is obviously a one-to-one correspondence between the terms 

over E and the trees over E.  If the corresponding tree of t is a 

subtree of a, we say t is a term in a. 

Definition 3.10. A regular tree grammar over <E,r> is a regular system 

Gf • (V,r',P,S) satisfying the following conditions: 

(1) <V,r'> Is a finite-ranked alphabet with Z£V, and r'|E-r. 

The elements>n V and V-E are called terminal and nonterminal 

symbols, respectively. 

w mm 
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(2) P  Is a finite set of productions of the form $-*1>, where 

4> and ^ are trees over <V,r'>. 

(3) SCL is a finite set of start symbols. 

Definition 3.11.    Derivation ct%  Is  In G    iff 4>-Mp  in P such that 

a/a - $ and 6 • a(a«-^).    a=>ß   is a derivation  Iff there exist 

a.a,...a , m > 0 such  that a • an-+a,-*-—->a    • 6  In G.. C  1 m        — 0    1m t 

Definition 3.12. The language generated by G » (V,r',P,S) over 

<E,r> is defined as, L(G ) • {aeT_ | there exist xeS such that 

*e o} 

Definition 3.13-    A tree grammar G    - (V,r',P,S) over <E,r>  is 

expansive  Iff each production  in P Is of the form 

x 

xo  * /  \ °r X° * x where xcE, 

X1   ••' Xr(x) 

and X-,  X....X  / \  are nonterminal  symbols. 

Following the definition given by Brainerd [66], a  tree automaton  is 

a finite automaton with many-to-one state transition functions. 

Definition 3.1 A.     Let <E,r> be a  rank and Z •  {a.,a...a.}.    A finite 

Z-automaton or tree automaton over I  is a system M    •  (Q,fp.-f^.R) 

where 

(1) Q  is  a  finite set of states, 

(2) for each i,   I  <  I  < k,  f,   Is a relation on Q.r(°f*xQ, 

(3) RCQ is a set of final  states. 
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If each ff, 1 < I 1 k, is a function ff: Qr*°l' -• Q then M Is 

deterministic; otherwise M is nondeterministic. 

The construction procedure of tree automaton for a regular tree 

grammar can be summarized as follows [50]. 

Algorithm 3-1• Construction of tree automaton. 

Step 1. To obtain an expansive tree grammar (V,r,P',S) for the 

given tree grammar (V,r,P,S) over alphabet I. 

Step 2. The equivalent nondeterministic tree automaton is 

Mt - (V'-E, fr..fk,{S}) where f, (X,.. .Xn)~XQ If 

%n •*  X....X x. is in P'. 
0   1   n i 

The acceptance of a tree by tree automaton is a backward procedure. 

It reads parallel branches simultaneously then transfers to the states 

of thefr immediate predecessors. 

3.3 Structure-Preserved Error-Correcting Tree Automaton (SPECTA) 

Let D be a tree domain, Del), I be a set of terminal symbols, we 

define T_ • {ctla e T_, D • D} be the set of trees in the tree domain D. 
L L      a 

In this section, substitution error is described in terms of the trans- 

formation S: T_ •*• T_ .  For a e D, x e I   , and a, a1 e J    ,  we write 

a/x 
a|  a' if a' is the result of replacing the label on node a of tree 

u 
o by terminal symbol x. Furthermore, S denotes the composition of S 

with itself k times. 

The distance on trees in T_ , d(a,a')> Is defined as the smallest 

Integer k for which <x|  a' if a and a' are two trees in T„ for some 
m 

D C U. The function of d Is symmetric and satisfies triangle inequality. 

Let L be a tree language, and tree a'  4 L- The essence of SPECTA is to 

search for a tree a, a e L such that 
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mfn 
d(a,a') - "p" {d(ß,a')|ß e L, Dß (3.1) 

and reconstruct a' as a.  d(a,a') In the above equation Is also defined as 

the distance of a' from L, denoting d(L.a'). a is called the minimum 

distance correction of a' In L. 

3.3.1  Minimum-Distance SPECTA 

By adding terminal error production rules corresponding to sub- 

stitution error transformations, the covering grammar G , • (V.r'.P'.S) 

of a given tree grammar G • (V,r,P,S) is constructed as follows: 

Step 1.  V = (V-E) U I', where I'SI is a new set of terminal 

symbc1s. 

Step 2. For each yt.1 add to P' 

A , if Xr 

Xl ••• Xr(x) 

e P 

(x) 

or XQ •*•  y if XQ •*• x is in P. 

The language generated from G' consists of the language L(G ) and 

its corresponding erroneous trees. Hence, L(G') can be written as 

L(Gj.) - {a'|a' e T^.,, and 3 a e L(Gt) such that Da, « Da> 

For a  given tree grammar, G , the SPECTA is formulateJ to accept 

trees in L(G') and to generate a parse that consists of the minimum number 

of error productions. Assume that o' is an Input tree, the operation of 

a SPECTA is a backward procedure of construction a tree-like transition 

table from the frontiers to the root of a'.  For each node a e Da,, there 

•»»im   li >  •^•^•^•tMM 
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is a corresponding set of triplets, denoting t In the transition table. 

Each triplet (X,ft,k) is added to t If X is a candidate state of node a, 

l  is the minimum number of errors in subtree a'/a when node a Is represented 

by state X, and k specifies the production rule used. The algorithm is 

given as follows. 

Algorithm 3.2. Minimum-distance SPECTA 

Input: G - (V,r,P,S) and tree a'. 

Output: Transition table of a' and d(L(G ),a'). 

Method: 

If r[ct'(a)] - 0 , a'(a) - x , then add to t Step 1 

(a) (X.,0,k) if Xn + x is the kth rule in P. 

(b; (X0,1,k) if X0 -*• y Is the kth rule In P and y *  x. 

Step 2.  If r[a'(a)] • n > 0 , a'(a) = x , then add to t 

(a) (X.,*.,k), if X» + x   Is the kth rule in P and o      o  /x 

A _ • * » A 
I   n 

CX|V«f,k,) e ta.1,..,(Xn,£n,kn) e ta.n then 1^1^...+^ 

(b) (XQ,Z,k)   ,   if XQ + y   is the kth rule in P, y t  x, and 

A m   • • • A 
I   n 

<WV e \*U"Pn'gn'\? £  ^-n then l = Ä,+---+V 
Step 3. Whenever more than one item in t has the same state, delete 

• •—'•in a 

the item with larger number of errors. 

Step k.     If (S,A,k) e tQ, then d(L(Gt),a') « I.     If no Item is in tQ 

of the form (S,A,k), then no tree in L(G ) is in tree domain 

D i, the input tree is rejected. 

The minimum-distance correction of a' can easily be traced out from 

the transition table. 
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The tree grammar in the following example is a part of the highway 

grammar used in Section 3.3.3-  In the meantime, we use it as an example 

here to illustrate the operation of SPECTA and to demonstrate the highway 

patterns recognition procedure that will be discussed in Section 3.3.3- 

Example 3.1.  Consider a set of vertlcle line patterns as given in 

Figure 3.1. Assume that elements in the 4 x k  array are connected 

as a tree shown In Figure 3.2. Thus, each pattern has its 

corresponding tree representations.  For example, pattern (b) in 

Figure 3.1 can be represented by the tree shown in Figure 3«3, where 

nodes labeled by symbol "b" represent blank or nonhighway elements 

"D ", and nodes labeled by "h" represent highway elements "E3". 

The tree grammar that generates these tree representations can be 

written as: 

GH = (V,r,P,S) over <E,r> where 

V = {S,A0,A1,A2,A3,X0,l1,!2,l3,^,b,h} 

s = {•  D  S } 

$ '  b »  h 

r($) = 1, r(b) = {0,1,3>, r(h) = {0,1,3} 

I        i        *        * 
P: S -f 

I  (1),  |  (2), (3), CO 

h h 
V /|\   (5), |  (6), h (7) 

Ao xo xo    Ao 

V V • i 

(8) 

/!\ 
X0 AI  !2 

(9) 

—  
^—i»a»^„:,   
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A,->- 

X0  A2  '3 

(10) 

(11) I, * h (17) 

',+   I (12) 

V (13) 

/i\ xo xo xo 

(14), (15), b (16) 

Given a noisy pattern shown in Figure 3.4(a), let a1 be its tree 

representation,    a'   is  given In Figure 3.4(b). The transition table of 

a' resulted from using the minimum-distance SPECTA with respect to grammar 

G„ is shown in Figure 3.5.  Since (S,3,2) is in tQ, a
1 is accepted by the 

SPECTA and the number of errors In a' is 3-  Let the minimum-distance 

correction of a1 be called a. The generation of a from th? transition 

table is Illustrated in Figure 3.6. 

3.3-2 Maxi mum-likelihood SPECTA 

When the probability distribution of patterns and the deformation 

probabilities on each terminal are availabe, error-correcting parsing 

based on maxlmum-1tkelIhood criterion may provide a better recognition 

performance. Definitions of stochastic grammar, terminal deformation 

probabilities, and maximum-1 ike11hood criterion have been Introduced 

In Chapter 2. A similar approach to MLECP Is used In formulating SPECTA 

based on max!mum-1 ike1Ihood criterion. 

 It I ^1 I!  I 
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The expansive stochastic tree grammars and languages defined in 

172] are briefly reviewed. 

Def?nit?on 3.15. A stochastic tree grammar G • lV,r,P,S) over 

Z   is expansive if and only if each rule In P is of the form 

x 

XQ-£-»-   / \     or X -&-*•  x where x e Z 

Xl '•• Xr(x) 

and Xn, X....X / \ e V-I are nonterminals. 

Definition 3-16. 

p. k 
L(G ) - {(a,p(o))|o e T_, S »Uo, I - l...k, p(a) - £ p.} 

i=l 
s-    ^,r — .  ,  -  £. 

where k is the number of all distinctly different derivation of a 

from S, and p. is the probability associated with the ith distinct 

derivation of a  from S. 

Assume that the occurrence of substitution error on a terminal is 

independent from its neighboring terminals. Fung and Fu [31] define a 

substitution error made on strings to be a stochastic mapping a: Z -*• Z 

such that a(a) = b, if a and b e Z,  with probability q(b|a) and furthermore, 

I    q(b|a) = 1 
bEE 

(3.2) 

The same definition can be applied to model a substitution error made on 

trees.  Furthermore, assume that t = t, t x is a term over <Z,r>, 

o(t,...t x) «= a(t.) ... a(t )a(x) 
I    n r. (3.3) 

If two trees a = t....t x, a' • t,'...t ' x' are  both in T^ , the 
In        In Z 

probability of a1 being the noisy deformed tree of a is 

-- -•• -  — -• , 



• •^...«.^^W,.   ^i    .,^p.„.i,    -.LMHI^WWH »^     • —••,•••• 

W 

(a) 

73 

(b) 

•#*— 
#5 %/>i 

"lilj 
JMJ 
(c) 

Figure 3.1  Vertical Line Patterns 
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(d) 
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Figure 3.2 A Tree Structure 
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Figure 3-3 Tree Representation of Pattern (b) 
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Figure 3.k    A Noisy Pattern (.a)  and  its 
Tree Representation,a' , i.b). 

I I I I I P II IH  ,i  i . 

—— - -• 



•" "•' •• 

75 

(<>,  3,  ?! 

T~ 

"•0.1.1 

(A0. 3. 6) 

(I,. 2. 'I) 
(X0, 0, 15) 

(I,, 1. 1?) 
(I,, '. 13) X 

'O-l-l-l 

(A0, 2. 6) 

(I,, 1. ID 

(X'0. 0, 15) 

(l2, 1, 12) 

l0.1.1.1.1j 
(A0, I, 7) ' 

(X0,  0,   16) 

(»,,  1.  17) 

-£. 
•0-1-2-1 

<A0. I, 6) 

(I,, 1, ID 

(X0, 1. 15) 

(12, 0, 12) 

z 

0*1 
(A0. 9.  5) 

(A,,  3,  8) 
(v 
(A?, 5, 9) 

(A 
3' 

IM 

9) 

9,   10) 

C0-1-2-1 • 1 
(A0,   0,   7) 

(X0,   1.   16) 

(1,, 0,   17) 

; ̂ H 

»0-1 •2-2-I 
(A0> »,  7) 

%• 
0,   16; 

<!,. I,   '7) 

r*~-- 
0-1- 

(A0. 3. 

(A,,  3, 

(x0.  I»,   1'.) 

(A2,  7,  9) 

5) 

9) 

* ~ 

~h. 
 \_ 
1-3 

0, 

6) 

11) 

(V 1. 

2. 

15) 
12) 

(.3. * > 13) 

'o. 1.2 •3-1 
(A, . 1, 7^ 

0 

'V 0, 16) 

lV 1, 17) 

J 

0- 

(,i 
(x„ 

II) 

15) 

1?) 

Vi 

V 

3 • 1 • 1 
I. 7) 

0,  16) 

!.   17) 

Figure  3.5    Transition  Table of Tree  o" 
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(S, 2) - $ 

(A,, 8) - b 

(X0, 15) - b 

(A0, 5) - h 

<V 15) * b 

(X0, 16) - b 

(A0,6)-h  (XQ> 

11) + 

15)-b 

(AQ, 7)-*h   (X0, 

16) 

(Xof 16) - b 

(X0, 16) H. b 

Figure 3.6 The generation of a, the correction of a1 

-r^TT"^ 
....  . .—_. ^..—..u- ~ M,^ 
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q(o'|a)   - q(t1'|t])   ...   q(tn'|tR)   q(x'|x) (3.4) 

We further have 

a'eT 
I q(a'|a)  =  1     for any a e Tj.D,   D C U (3.5) 

For a given stochastic tree grammar G    =  (V,r,P,S)  over <E,r>, when 

the deformation probabilities,  q(y|x),  are known  for all   x E I,  and y  e Z', 

the stochastic expanded grammar  is G   '  =  (V ,r' ,P',S)  over <Z',r'> where 

V  •  (V-Z)  Z'  and E' Z) Z   is  the set of  terminal   symbols,  and for all 

y 's y  e E',  X0 -^ y  is   in P'   if Xn -E— x  is  in P,  or Xn -&->- 
/ \ 

Xr-'Xr(x) 

is  in P',   if XQ -*-* 
/\ 

Xl"-Xr(x) 

is   in P and p'  • p q(y|x). 

The  language that generated  from G1  can be written as: 

L(G')  = {(a,,p,(o,))|o'   e T        p'(a')  =        \ q(o'|a)p(o)}   (3.6) 
cteL(G ) 
D ,=DS 

a      a 

Suppose that the given noisy input tree a' is in tree domain D, the 

maxi mum-1ikell hood decision rule in this case is to choose a tree a in 

L(G ) of domain D, i.e., a e L(G ) and a e T   such that 

qfc|a)p(a) = T <•*(«' |ß)p(ß) I <* « U&J     T^} {3"7) 

We call this value, q(a'|ot)p(o), the probability of a' being a noise 

deformed tree of L(G ) and denote it as q(a'|G '). 
5 ii 

The structure-preserved maxi mum-1 ike1ihood SPECTA is given as follows: 

• 'ii 11—  .i.i i.... . 

„—J.^.. 
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Algorithm 3.3. Maximum-1 ike1ihood SPECTA 

Input:  (1) Stochastic tree grammar G = (V,r,P,S) over <I,r>. 

(2) Defoliation probabi1ities,q(y|x). for all XEI, ye I1. 

(3) Input tree a'• 

Output: Transition table of a' and q(a'|G'). 

Method: 

Step 1.  If r[a(a)] «* 0, a(a) • y then add to t , (X0,p',k), if 

XQ —^-* x is the kth rule in P and p' = p q(y|x). 

Step 2.  If rla(a)] = n, n > 0, o(a) = y then add to t ,(X0,p',k), if 

X. -E—*• x    is the kth rule in P and (X.,pj,k ) 

X, V n 
e ta.1,...,(Xn,Pr^ ,kn) e tg#n then p' = pj*.. .*p^*p*q(y|x). 

Step 3- Whenever more than one item in t have the same state, 

delete the ftem associated with smaller probability. 

Step *>.  If (S,p',k) e tQ, then q (a| G') = p' -  If no item in t_ is 

associated with the start state S, then no tree in L(G ) 

is in tree domain D .  Input tree is rejected. 

3.3.3 Application of SPECTA to LANDSAT Data Interpretation 

Recently, syntactic methods have been used to analyze and interpret 

data obtained from the earth resource technology satellite (LANDSAT) 

[39.53J. The input data used in [39,53] are the results of pointwise 

classification [73]•  Each pixel collected by LANDSAT represents a ground 

2 
area of approximately 60 x 70 m . According to spectral and/or temporal 

measurements of the object, a pixel Is then classified Into classes of 

water, cloud, downtown, concrete, or grass, etc.  Due to the resolution 

size, spectral signals of smaller objects are usually composed of 

-*^^^^^m 
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Figure 3.7 Pointwise classified highway 
data obtained fron Grand Rapids, 
Michigan. 

T^IWH • Jl III. 

-*•*•- irJ r 
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Figure 3.8    Divided highway mnp of northern 
part of riranH °npids. 
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reflectance of several different kinds of ground cover.  For instance, 

the spectral signal of a segment of a highway actually results from a com- 

bined reflectance of concrete surface, grass, and transportation vehicles. 

Consequently, the variation of size of smaller objects and their surroundings 

changes their reflectances, and thus, their spectral properties fron point to 

point. This uncertainty causes some difficulty in setting threshold for 

classification based on spectral information of individual points only. 

One example of the results of pointwise classified highway patterns is 

given in Figure 3.7 which covers the area of the northern part of Grand 

Rapids,Michigan.  Each symbol "H" represents a pixel that is classified as 

a segment of highway.  Figure 3.8, which is obtained from the official 

highway map, indicates the major divided highways of the same area. 

As illustrated in Figure 3.7, the inadequate resolution of highways 

and the mass of scattered concrete and grass-mixed objects other than 

highways result in discontinuity of highways and spurious points from 

pointwise classification.  Syntactic methods have the advantage of using 

contextual and structural information contained in patterns for recognition 

purpose.  In order to discriminate highways or rivers from other objects 

having similar spectral properties a tree system approach is proposed by 

Li and Fu [39]. The method demonstrates fairly good results in recognizing 

rivers among watery areas and some modern buildings with glass walls 

having similar reflecting surfaces as water, but poor in analyzing highway 

patterns.  Evidently, highway patterns in some cases are too noisy to be 

effectively analyzed by a conventional training and parsing methods. 

In this experiment, an input picture is processed window by window, 

where window size is 8 x 8 array of pixels. The labels on single pixels 

— —•- --- -  -•>-»•«--^-- 
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are used as primitives. Thus, we have two kinds of primitives:  "h" 

represents a highway pixel and "b" represents a blank or nonhighway pixel. 

Initially, sample patterns of vertical, horizontal, or diagonal line are 

used as our positive samples (or desired patterns). Assume that only a 

single segment of highway or at most two intersected highways that appeared 

within a window is considered.  Hence, some patterns consisting of two 

such sample patterns are also added to the set of positive samples. 

Similar to the procedure illustrated in Example 3.1, an array of 

primitives in a window are represented as a tree.  Each primitive becomes 

a labeled node in the tree representation. We fix the tree domain to be 

64 
Du, and allow node label to be either "h" or "b". Totally there are 2 
H D 

H 
tree representations in T_,  , where L = {b,h,$}, and $ is the start 

terminal.  Hence, the set of all possible patterns in an 8 x 8 window 
DH 

and the set of all labeled trees in T_ are  one-to-one correspondence. 

Figure 3-9 illustrates the correspondence between points in the 8x8 array 

and nodes in the tree domain D„. The set of positive sample patterns can 

now be transformed into a set of positive sample trees of domain D„. 

The construction of a pattern grammar, when error-correcting parser is 

used as recognizer, is a little different from the regular procedure 

[73]. With some presumed patterns as positive samples, the language 

generated from the constructed grammar must be as close to the set of 

positive samples as possible. Otherwise, there is always the possibility 

that the noisy pattern finds its best match in the set of "unwanted 

sentences" (sentences in L(G) but not in the set of positive samples). 

The tree grammar, G  constructed to generate positive sample trees 

is given in Appendix C.  Figure C.l in Appendix C illustrates some 

r—ii i •      
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1-1 

1-1-1 

1-1-1-1 

1-3 

1-2 

1-2-1 

1-2-1-1 

1-3-1 

1-2-3 

1-2-2 

1-2-2-1 

1-3-1-1-1-1-1-1 

1-2-3-1-1-1 -1-1 

  1 2-2-3-1-1-I-! 

8     1-1-1-1-1-1-1-1     1-2-1-1-1-1-1-1 1-2-2-2-2-2-2- 

Firjure 3.9 Nodes in tree domain D and their corresponding 
H 

positions in the 8x8 array. 

mi 
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typical patterns whose tree representations are  In i-(6H)«  In Figure C.I, 

"Group A" denotes the group of patterns that are generated from rules of 

the form 

* • I - 1...8, "Group B" are from S + 

Note that the tree whose nodes are all labeled with "b" also belongs 

to L(GH). Actually, the pattern it represented is an undeslred one, i.e., 

a window with no highway passing through.  It is our negative sample 

tree, denoting as X. We may categorize the sets of trees that have been 
DH 

introduced so far as follows: T_  is the universe we are working on, 

where I  • {$,h,b} and $ Is the start terminal. J    n 0 (L(GU) - {X» 

is the positive sample set, denoting as S .  {A} is the negative sample 
DH    . . 

set denoting as S [7*3- Let the set T   - (S US ) be denoted as N, 
DH  __„ 

then N « T_ 0 Mt^). Apparently, elements In N are noisy patterns, 

which are normally unrecognizable using a conventional parsing scheme. 

The idea of using error-correcting tree automaton is to measure the 

distance between an Input pattern and patterns in S US .  If the input 

pattern is in N, it will further be reconstructed to its best matching 

pattern in terms of the minimum number of mislabeled nodes, in S , or 

erased if its best matching pattern is in S . Since S is also in L(GH), 

we may measure the distance of the input tree with S and S at the same 

time. 

Assume that an input picture is scanned column by column from left 

to right. After an 8 x 8 array of primitives has been processed by SPECTA, 

we erase the top left 5x5 array of pixels, i.e., replace "H" points by 
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blanks of the original pattern and superimpose the reconstructed pattern 

on the original window. The scanning window then moves down five rows of 

pixels so that the pattern appeared in the window is processed by the 

same procedure. After eight columns of pixels have been scanned, the 

process is repeated from the sixth column. By doing this, the error- 

correcting scheme would be furnished with contextual Information, not only 

within the window, but between the window and its surroundings.  Using the 

pattern shown in column Hl-lM, row 1 -18 of Figure 3.7, the window-by- 

window correcting process Is illustrated In Figure 3-10. The flowchart 

of the entire recognition procedure is given in Figure 3-11- 

This error-correcting scheme of the highway recognition problem is 

programmed in Fortran IV on CDC 6500 computer and tested using the data 

shown in Figure 3.7. The result is shown in Figure 3.12. There are 

80 x 160 pixels In the input data. The cpu time for processing is 150 sec. 

We also use the grammar G,,, which is trained from Grand Rapids data 

to analyze some other noisy data, such as data obtained from Lafayette, 

Indiana. The pointwise classified data of Lafayette is shown in Figure 3-13 

which contains 125 x 125 pixels. The result of the error-correcting 

analysis is shown in Figure 3.1**. The cpu time used is 101 sec. For 

comparison, we use the highway map shown in Figure 3.15 as ground truth. 

There are several remarks to be made about this highway recognition 

example.  (1) Originally, the presumed positive samples were more than those 

generated from G„ in Appendix C. Many patterns of two intersected highways 

are considered. After the originally constructed grammar was tested by 

Grand Rapids data, we further removed production rules that were 

Infrequently (or not) accessed and reduce the highway grammar to G„ In 

Appendix C. 

' •'T--'^'«Mi«M«aMiii^äattiäii^A^^i.;:~ ' : 
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Figure 3.10 Window-by-window correcting process 
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r?- Read input data 
into on array 

I'.PUT (n, :u) n 
i. j -1 

Pixels in the 8x8 
window is connected as a 
tree of domain 0  nanely 
a " 

Parse the tree by ECTA 

if yes 

SJW > k/*" 

y 
Re-label the tree 

to be tree X Trace back the parse and 

re-label the tree 

" 

INPUT (f., k) = blank 

for t  " i • • • l + it 
k = }•••}  + h 

< 

) ' 
Superimpose the re-labele< 

- tree on INPUT (f.,   k) 
for % . |,...,! • 7 

k = j."-,j + 7 

1 

STOP 

Figure 3-'l Flow chart of highway recognition using SPECTA 
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Figure 3.12 SPECTA processed result of the 
Grand Rapids area. 
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Figure 3.13 Polntwisely classified data of 
the Lafayette area. 
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Figure 3.1* SPECTA proces ed result of 
the Lafaye?'- rr-ia. 
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Figure  3.1?    Highway rr.ap of Lafayette,   Indiana. 
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(2) An alternative solution, if not using the error-correcting scheme, 

is to obtain a large set of positive samples and negative samples from 

training data, and to construct a grammar so that all the negative samples 

are excluded from the language and all the positive samples are included. 

* It Is difficult to construct such a grammar when patterns are Irregular. 

Besides, due to the large variation of input data, a slight difference 

in the training set will cause some patterns to be rejected during parsing. 

(3) For our convenience, we use fixed tree domain. A deleted segment 

e.f highway Is taken as a substitution of a highway primitive by a blank 

primitive. A spurious H point is considered as substitution of a blank 

primitive by a highway primitive. A generalized ECTA which handles 

substitution errors as well as deletion and Insertion errors Is introduced 

in the following section. 

3.k    Generalized Error-Correcting Tree Automaton 

3.4.1 Distance on Trees 

In Section 3.3, since only substitution transformations are considered, 

tree distance is measurable when two trees are in the same domain. Our 

purpose In this section Is to define transformations between trees in 

different tree domains such that tree distance Is measurable for any two 

given trees. Consequently, the transformations we defined can be 

applied to a tree automaton. 

Errors on trees are defined to be of the following five types: 

(1) the substitution of the label of a node by another terminal 

symbol, 

(2) the insertion of an extraneous labeled node between a node and 

its immediate predecessor. 

»•<*,... .. — ..   uuaMBH—••wcrT!" 
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(3)  the Insertion of an extraneous labeled node to the left of all 

the immediate successors of a node, 

{k)     the Insertion of an extraneous labeled node to the right of a 

node, 

(5)  the deletion of a node of rank 1 or 0. 

The three operations of insertions In rule (2), (3) and (*») are 

named as stretch, branch, and split, respectively, according to the 

relative position of the Inserted node to the original tree. Apparently, 

the inverse operation of any type of insertion is deletion, and the 

Inverse of deletion operation is one of the three types of Insertion. 

We define five transformations S, T, P, B, D, from T» to the subsets 

of Tj., to describe substitution, stretch, split, branch, and deletion 

errors respectively. Let a be a tree over <£,r>, aeU, yeE, and c*i • a, 

r[o(c)] • n, then error transformations are defined as follows: 

(1) Sa/y(a) - a(a-K(0,y)RJ{f.a/a-i| I < I < r[a(a)]})f 

(2) Ta/ (o) ••W(0,y)WKl.«/iJ), 

(3) Ba/ (a) • a(a-K(0,a(a)), (I ,y)MI+I -a/a-i | 1 < I < r[o(a)]}), 

(if)  P . (a) = a(c«n+l *• o/c«n)... (cI+1 «• a/ci)U(a * (0,y)), 
a/y 

(5)  D /v^ "f0^*' * a/ci+l)...(cn-l «• a/cn)U(cn «• X) 

if r[a(a)] = 0 

-a(c * a/a) If r[a(a)] «= 1 

S, T, B, P and D transformations are illustrated In Figure 3.16 (a), 

(b), (c), (d) and (e), respectively. 

We write a|——ß, If ß Is in &(a), where Äe{S,T,B,P,D>, and 

further denote that a| ß for k ^ 0, if ß is derived fron a by applying 

....'.,...'.:... .....' 
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o • /l\ 
x,   x2   x3 

9k 

•l/y 

(a) 

/IN 

i/y 
y     x2     x3 

(b) 

ll/^ 

(c) 

Kk   x. 

XJ    X2      X3 A 
y      Xjj 

. a i/y 

u 

x,   y   x2   x3 

(d) 

'1/ 

(e) 

w 

X*»    X2    *3 

Figure 3*16    S,  T,  B,  P, and D transformations on a. 
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k transformations, where A denotes the composition of A with itself k 

times. The distance on trees over I, d(a,ß), Is defined as the smallest 

Ak 
integer k for which a|    ß,if a and ß are two trees in T_. 

For example, given two trees a and ß, where a - {(0,$), (I,-), (M,P), 

(2,~), (2-l.q)}. ß»{(0,$), (l,V), (1-1,P), U'2,q), (2,q)}, then 

d(a,ß) - 3, since ß - n2. (pj.i/q (sj/v(
a))) and no other derivation 

of ß from a costs transformations less than three. Trees a and ß are 

shown In Figure 3.17- 

Let L be a tree language, a tree ß not in L can be derived from 

some tree in L by a sequence of error transformations. The distance 

between ß and L is defined as, 

d(L,ß) = m^n {d(a,ß)| a e L} (3-8) 

Example 3.2.    Assume a directed graph of labeled verticesand 

unlabeled branches as  shown   in  Figure 3-'8,  the  tree grammar con- 

structed to generate such patterns   is given as  follows: 

V 

r($) 

r(d) 

(V,r,P,S) 

{S,A,B,C,D,E,H,$,a,b,c,d,e,h} 

{1},  r(a)  - {0,3>,  r(b)  = {0,3,'»},  r(c) - {0,2} 

{0,2,3},  r(e) - {1,2},  rlh) - {1,2} 

a 

Vl\ 
H    D    B 

a 

I 
H 

m 



•wvnoi^H^B 

I 

BV/\\ . 
C H A E  ' 

Cv\ . 
B      D 

A    E    C 

E * 

A      C 

11 

C      D 
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b b 

CHE H    A    E 

d 

A 
E      C 

e 
I 
A 

d 

A 
e 
I 
C 

h 

I 
C 

Suppose that a' Is the given distorted pattern. The successive graphs 

after each tree error transformation Is applied are Illustrated In 

Figure 3.19. 

3.^.2 The Formulation of GECTA 

For any given a' not In language L, the generalized error-correcting 

tree automaton (GECTA) is formulated to search for a in L such that the 

distance of a from a1 Is the smallest among all the sentences In L. That 

is, 

d(a.a') -J^d(B.a') (3.9) 

Note that the condition D - D , In equation (3.1) Is removed here. 
p   « 

Before Introducing the algorithms for GECTA, a normal form of trees 

and tree grammars, called the binary form, Is defined. 

IMil^^ME^ftfcilJiMlCTMniftiiriiMitfrfMi 
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A 
V       q 

A 
P      q 

FIgure3.17    3 - D^  <Y l/q
(Sl/v(a))) 

< 

cZ^fe 

•>• ̂ d 

-+-• 

tb 

. N: 

>. t >- •- »~» a 

V 
\7' 

e 

Figure 3.18    A directed graph 
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4> 
N 
e    c 

A 
ehe 

a jL-~£* b 

c a 

W/c 

X 'A 
d      c 

• i\.' A 
e    c 

h e 

c a 

.A 

v/ 
Figure 3.19    The sequence of transformation 

of a'  from a 
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V2-2/ 

'1-2/ 

"7\ 
d      c 

\ 

h    e 

c    a 

a 

//V-. 
e      c 

d    c 
h    e 

c    a 

/\. 

h  4 

Figure 3.19 Continued 
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d(L,<x') «• d(a.a')  - A 

Figure 3.19    Continued 
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(A) Tree Binary Form 

A binary tree grammar is defined as follows: 

Definition 3.17» A tree grammar Gb - ^Vk»rb»Ph'S^ over  <zb'rb> ,s 

said to be In binary form If, 

(1) A pseudo symbol * Is In I. . 

(2) rb - {0,1,2} 

(3) Each production In P. Is In one of the following forms: 

(a) U, + Xj *. 

(b) u2 * U,X, * 

(c) X0 *'9f*i  x 

(d) XQ + Xj x 

(e) XQ •*• x 

where U?, u"2, XQ, X( are In Vfa - Efa, xelb - {*}. 

Let a be a tree in T , and * be a pseudo symbol not In I, the 

conversion of tree a Into Its binary form a*  Is given In the following 

Algorithm. 

Algorithm 3.k.    Binary Form Conversion. 

Input: Tree a in Tj.. 

Output: a*, binary form of a. 

Method: Repeat CONVERT until a is in binary form. 

<C0NVERT>:  (1)  If t. " x Is a term In a, then tQ Is said to be 

in binary form. 

(2)  If t....t are already In binary form, and 

t« • (t,...t ) x is a term In a, x e E„ then tft u    i   n n     u 

is said to be In binary form   If n • 1, then 

«0 " (tl> " 

'«'«•• 
^.'...  I *•....- 
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If n > 1, then define t....t , such that 
i        n-i 

t*2 - («; ,2). 

*      /   *        IX Vi - (y2 w* 
*0 • (Vl ln)x 

The construction of the binary tree grammar 6fc - (v|>»pb'rb'S^ from 

a given tree grammar G * (V,r,P,S) in expansive form is as follows: 

Let Z. « ILK*}, add V to V.. P. is constructed as follows: 

Step 1. For each production In P of the form XQ • x, xeIQ, add 

XQ •*• x to Pb and rb(x) - 0, 

Step 2. For each production In P of the form X- •• X.x, xel., add 

XQ + XjX to Pb and rb(x) - I, 

Step }.    For each production In P of the form X. • X....Xnx, 

xeZ , n ^ 2, add, 

U01 * V 
U02 * U01X2* 

u„ , + uÄ „x .* 
On-1   On-2 n-1 

Xn + Un„ ,X x 0   On-1 n 

to Pb, and rb(*) - (1,2}, rfc(x) - 2. Add (Ug, | 1 < I < n-1} 

to V 

- • 

' '•  •'•-'    '' -  -•—?•'-•••?-• -•-- •- * Vi" ' i Ti'ni'i ii-n'h"'i \   " 



.,„,„.„_„,«„...„....,.  ,.¥. ,,.,,i.„   iii"*"**M«MiiiPiiinpi 

E I 

I 

103 

Let the binary form of a tree language L(G.) be denoted as L.(G ) 
t b t 

and G. be the binary form of grammar G , then Lu(Gt^ • 
L^Gb)« 

Example 3-3 Character E 

A character E is shown In Figure 3*2) (a). Based on the pattern 

primitives defined In Figure 3-20, the tree representation a of 

E Is shown In Figure 3-21 (b). The tree grammar G which generates 

the character E of different sizes Is as follows: 

G   - (V,r,P,S) over <Z,r> 

V   - {S,B,C,D,$,b,d},S - {$,b,d} 

r($) - 2, r(b) - {1,2}, r(d) - {0,1} 

P: 

-A 
B  D 

»-V  b       b 

CD    B 

IK 

C* 

The binary from of a, a, Is given In Figure 3.22 and the binary , 

form of G , Gfa> is: 

Gb   " (VWS) OVer *W 
Vfa   - {S,Us,B,UB,D,C,$,b,d,*}, Zb  - E Ü {*} 

rb($) - {2}, rb(b) - {1,2}, rb(d) - {0,1}, rb(*) - {!}. 

a tin*, r wtt aaamtamam 
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Ffgure 3.20    Pattern primitives 

-fr d 

*d 

b* frd 

(a)E 

b      d 

A 
b      d 

(b)o 

Figure 3.21  Character E (a) and Its tree 
representation (b) 
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A 
*      d 

A 
*      d 

Figure 3.22    a ,  binary form of a 

m "••• 
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B 

b BV\   . 
UB      D 

b 
1 
B 

* 

c 

D 
d 

b b 
I    . 

(B) GECTA 

Let M. « (V. -£. ,F,{S}) be a tree automaton that accepts a tree grammar 

In binary form G. - (vb»rb»
p
b»S) over Z.,  where F is the set of transition 

functions on (Vb"Zb)   X(Vb-Eb), 
for a" x E V By addln9 error 

transitions according to the transformations defined In Section }.4.!( 

the expanded tree automaton that accept all the possible erroneous trees 

is constructed as follows: 

Algorithm 3.5- Expanded Tree Automaton M^. 

Step 1. Mb - (V,F,{S» where V - (Vb-Zb)U fl), F - FUF^fF^F1, and 

F , F , and F are called substitution, deletion, and 

Insertion error transitions, respectively. 
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Step 2.    FS - {fy(0 * X0, o|Fx(0 % XQ e F, x t *, y e Zb - {x}} 

Step 3.    FD - {f (c) % XQ, Y|FXU) ^0eF,xif*}U 

{fU)  * X0,  0|FA(C)  M(0eF} 

Step k. 

(a) Add fy(X0) -v X0, 6, to F1 for all y e Ib - {*} lf 

fxU) -v- X0 Is In F and x i« *. 

(b) Add fx(l,X,) * X0, 0, and fyO.Xj) % XQ, o or 

fx(l) % X0, 0, and fy(l) * X0, a to F
1 if fx(Xf) * XQ or 

f ~ X0 Is In F, X e Zfa. 

(c) Add f*(c) <v X0, 0, f*(X0,l) * X0, 0, fy(X0,l) * X0, a 

and fx(X0,l) -v XQ, 0 to F1 If f^U)  * XQ Is In F for 

al 1 x e E. . 

(d) Add to F', f (I) A, |, 6, and f 0,1) * l» *, for 

all y e l.   and f ^  I, 6,  for all y e Eb - {*} 

Where ? e (VV'' ' " 1'2' 

The notations c, y,  and 6 associated with transitions represent costs 

of substitution, deletion, and insertion errors, respectively. Hence, 

weighted distance can be measured by using expanded tree automaton, 

(a), (b), and (c) in Step k  introduce stretch, branch, and split 

operations, respectively. 

The search algorithm for the least cost (minimum-distance) solution 

Is to construct a tree-like transition table with all candidate states and 

their corresponding costs recorded. Each element In the transition table 

corresponds to a node In the tree domain of the Input tree. Let it be denoted 

V 
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as t if a E D ,, and a' be the Input tree, then a pair (X,n) Is In t 
3 Ct d 

If X is a candidate state representing subtree a'/a, n Is the minimum 

cost associated with X, the algorithm Is given as follows: 

Algorithm 3.6. Minimum-Distance GECTA 

Input: Expanded Tree Automaton M. • (V,F,{S}) of a tree language 

L(G ), and input tree a*. 

Output: d(L(G ),a'), and transition table of a'. 

Method: 

<SUBTREE(Start)> 

(a) SUBTREE(Start) - {(XQ,Y) | f "V XQ, v e F
D}. 

(b) Add (XQ,n) to SUBTREE(Start) if f(X,) * XQ, 

Y e FD, (X^ir) e SUBTREE(Start), then n - Y + *• 

(c) Add (X0,n) to SUBTREE(Start) If f(X,,X2) %  XQ, 

Y e FD, (X]tv])  and (X2,ir2) e SUBTREE(Start), 

then n = Y + if» + *«• 

(d) Whenever two or more Items associated with the same 

state. Delete Items with higher costs. 

<SUBTREE(X,e)> 

(a) SUBTREE(X,e) - {(XQ,n) | f(X) ^ XQ, Y e F
D, n « y  + 6} 

U((x,e)}. 

(b) Add (X0,n) to SUBTREE(X.e) if f(Y) <v XQ, Y e F
D, 

(Y,ir) e SUBTREE(X.e), n - Y + *• 

(c) Add (XQ,n) to SUBTREE(X,6) if f(YrY2) <v XQ,  y  e FD, 

(YpTr,) e SUBTREE(Start) and (Y2,ir2) e SUBTREE(X.e), 

or (Yj.ir,) e SUBTREE(X.e) and (Y2,TT2) E SUBTREE(Start) 

then n • Y + T. + ir-,. 
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(d)  Delete redundant states. 

(a)  (X0,n) is, in tfl if fx(X) % XQ, X e F U FS U F1, for 

Step 1.  If r[a(a)] - 0, a(a) «* x, then 

(X0,n) Is» in ta if fx(X) <> 

all (X.TT) in SUBTREE (Start), n • X + v. 

(b) (XQ,n) is added to tfl if fx(X,,X2) *  XQ, X e F U FS 

UF1, (Xj.iTj) and (X^T^) e SUBTREE(Start), 

n • x + IT. + IT«. 

(c) Delete redundant states. 

Step 2.  If r[o(a)] = 1, a(a) = x, then 

(a) (X0,n) is in tg if fx(Y) <v XQ, X e F U FS Ü F1, for 

all (Y.TT) e SUBTREE (X,6) and (X,8) e t ?t n - X + ir. 

(b) (XQ,n) is added to tfi if fx(Y,,Y2) «v. XQ, X e F U FS 

UF1, for all (V},T})   e SUBTREE(X.e) and (Y2,ir2) 

e SUBTREE (Start) or (Y. ,1T|) e SUBTREE (Start) and 

(Y2,it2) e SUBTREE(X,6) where (X,6) e t^.j. then 

n  " X + Tf. + TT-. 

(c) Delete redundant states. 

Step 3.  If r[a(a)] - 2, a(a) = x, then 

(a) (X0,n) is in ta if fx(Y?,Y2) -v. XQ, X c F U FS Ü F1 

for all (YJ.TT,) e SUBTREE(X,,6.) and (Y2,ir2) e 

SUBTREE(X2,e2) where (XpO,) e ta#1 and (X2,92) e ta.2, 

then n - X + TT1 + v^. 

(b) When x +  *, add (XQ,n) to tg if f*(YrY2) \  Z, 

0 e F U F1  and fx(Z| ,22)  -v- XQ,  X  e F (J FS,   (Z,,*,) 

e SUBTREE(Z.e),   (Z2,TT2)   e SUBTREE(Start),  then 

n • x + Tfi + Tf2- 

*-'-•*-*••— 
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(c)  Delete redundant states. 

Step k.     If (S,n) Is In tQ, then d(L(G ^a') -n. exit 

For all states in M  a table of minimal deleted trees is first com- 

puted by the two subroutine SUBTREE(Start) and SUBTREE(X.e).  (XQ,n) is 

* 
generated from subroutine SUBTREE (Start), If XQ V"* \j>,  and <|> is the 

b 
smallest subtree among all the possible derivations starting from non- 

terminal XQ. Similarly, (Xg.n) is generated from subroutine SUBTREE(X.e), 

If Xn •• • *» ty,  where X Is the state of a frontier In ty, and all the other 
0 Gb 

nodes In i|> are labeled by terminal symbols. Furthermore, $ has the least 

number of nodes among all the possible derivations. Steps (l), (2), and 

(3) are formulated under the assumption that:  (i) the trees represented 

by the states of the immediate successor of the current node may be the 

subtree of the acutal derivation, (ii) there are one or more subtrees 

that may be deleted between the current node and the node right adjacent 
x 

to it. For example, if rule Xn •*•  | is applied at t , but (X,6) et ,, 

then (Y,ir) must be in SUBTREE(X.e). The other words, let ß be the tree 

represented by state X and obe the tree represented by state Y, then ß 

is a subtree of a, where nodes in a but not in ß, are assumed to be 

deleted, the cost of deletion is ir-8 which Is the minimum among all the 

possible deletions. All the insertions are handled by transitions in 

F automatically. 

Example "j.h.    Recognition of Hand-Written Character E 

Suppose a casually-written character E, as shown in Figure 

3.23(a), whose binary tree representation a'* is shown In Figure 

3.23(b), Is to be recognized. The expanded tree automaton con- 

structed from the tree grammar G- in Appendix D-l is as follows: 

^wmnn»-— 
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V    - 

(V,F,{S}) 

{S,US,B,UB,D,C,I>,    1 - {a,b,d,h,$,*}, 

F:       fj (US,D)  * S,  0 

f^ (B)  ^ Us,  0 

fb (UB,D)  -v B,  0 

f* (0 * uB, 0 

frf *> D, 0 

fb (D)  ^ C,  0 

FS:     f    (UB,D)  -V- B,  o 

fy * D,  o 

f    ID)  * C, a 

FD:     f (B)  "x. Us>  0 

f IUB,D)  ^ B,  Y 

f (O * uB, 0 

f * D,   Y 

f (D)   ^ C,  Y 

y E {a,d,h} 

y e {a,b,h} 

y e {a,d,h} 

•• I «HUHU II HI 

f (B) * B, (5 

f (D) * D, 6 

f    (C)  * C,  S 

fÄ (l,B)  * Us,  0 

f* (,'C)  * V  ° 
fb (I)  * D,  0 

fy (I)   * D,  o 

y e  {a,b,d,h} 

y  e   (a,d,h} 
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fb (l.D) * c, 0 

y 
(l,D)  -v C, o 

'* (US,D)  * S,  0 

'* (S,l)  % S,  0 

f* 
(S,l)  -x- S,  0 

** (us,i) <x, us, 0 

'* (UB,D)  * B,  0 

'* (B,l)  -v B,  0 

fb (B,l)  * B,  0 

y 
(B,l)  ^ B,  a 

'* (UB,I)  <v UB,  0 

'* (D)  * C,  0 

'* (C,l)  * C,  0 

b 
(C,l)  ~ C,  0 

y 
(C,l)  ^ C,  a 

y 
(1)  *  1,  6 

y 
(1,1) * I, a 

•u r, a 

y e {a,d,h} 

y e {a,d,h} 

y e {a,d,h} 

y e {a,b,d,h,*> 

y e {a,b,d,h,*} 

y E {a,b,d,h} 

h  «- 

•• d 

•> d 

.A *     a 

i A 

(a) 
(b) 

Figure 3*23 Distorted Character E (a) and Its Binary Tree 
Representation a'* (b). 
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i 

Using the GECTA, the transition table of <*'* js illustrated in 

Figure 3.24 (a) and (b).  From Figure 3.2*» (b), since (S, a  + 6 + y)   is 

in t0, we have d(L(GE),o') - a  + <S + y. 

3.4.3 An Illustrative Example on Character Recognition 

A classic example, the hand-printed chracter recognition problem, is 

given in this section to illustrate the operation of GECTA.  Input 

characters are assumed to be digitized patterns in a 16 x 16 format. 

After chain coding [77] and primitive extracting, input patterns are 

transformed into their corresponding tree representations. Grammars for 

sample characters are given; hence, GECTA's are constructed.  Input 

patterns are then analyzed by the GECTA's and classified based on the minimum- 

distance criterion. 

An example of input pattern is shown in Figure 3-25 (a). Assume 

the leftmost of the top row to be the starting point. From the starting 

point, the input pattern is chain coded point by point. The successor 

point is coded as A, B,..., or H according to its relative position to 

the current node. The resulting chain code is shown in Figure 3-25 (b). 

In Figure 3.25 (b), the point labeled as "I" is the starting point. The 

majority code in a continuous line segment consisting of eight coded 

points is selected as the primitive of that line segment. Primitives 

selected by this method approximate the primitives defined in Figure 

3.20. When a line is terminated or branched before it counts to eight 

points, the short line, if longer than two points, will be considered 

as a normal line segment; thus, a primitive. Otherwise, the line Is 

neglected. The binary tree representation of pattern E is given in 

Figure 3.25 (c). The leftmost I of each strings in the column entitled 
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B UB C D 

^4 
Start ky i»Y 2Y 2Y y 

US 0 - - - - 

B 0 0 - m - 

C 

D 

B 2Y 

2Y 

3Y 

2Y 

3Y 

0 

Y 

0 

Y 0 

(Y, ir) e SUBTREE(X, 6) 

(a) Table of Minimal Deleted Trees 

'•• •'••!   , 
OHHAMMHMMU 
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(1,  «) 

(C, o) 

(Us, a + 3 Y) 

(UB, o + Y) 

j "A 

Vl»1 
(B, a + 3 Y) 

(C, a + Y) 

(1.  «) 

(0. a) 

T 
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(B, o + 2 Y) 

(C,  6) 

(1,  2 6) 

(Us,  2 Y) 

(uB> 0) 

4 .* 

(B,  2 Y) 

(D,  «) 

(1.  2 6) 

(C,  0) 

c0*2»2 
(B, a + 3 Y) 

(C, a + Y) 

(I,  6) 

(D, 0) 

I 
V 2'1« M 
(B, a + 3 Y) 

(c, a + Y) 

(1, 6) 

(D, 0) 

T 
(b) Transition table of a1* 

Figure 3.24 The acceptance of a'* by GECTA 

^i^s^tmmamSmStWmmmttiKm -LJ.L.^  ^ 'HI •      n-IIMfii-liiliiii in» ^^i.i ^..•_^i_...... 
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INPUT   CHARACTER 

M 
M 

H 
JH   
NMM*MMMHMMM 
M 

"CHAIN TODE" 

"IVE^DWODDODD" 
c 
B 
B 

"T 

"8  
SCDDDOODDDO 

"3" 
B 

~B~ 
3 -x  

B 
"B"  
BCODDDDDDDDOO 

(b) 

M 
M 
MMMMMMMMMv.MMM 

(a) 

TREE REPRESENTATION 

TREE   DOMAIN      PR I« IT WERANK_ 

1 
*-rr 

12 
111 

I 
-*- 

D 
B 

1111 
1112 

11111 
111111 

"1111111 

* 

b 
D 

~D 

(c) 

Figure 3.25    Input Format   (a),  Chain Code Result   (b), 
and Binary Tree Representation   (c). 

T 
0 
2 
1 

_0_ 
1 
1 
0 

-^^^W»i H ••      ...    ILJ   9 ,..„,, a • — — 

' • mlfcii \r-^ ••'--- •'-••- 



i.4L,.ii•«.».<j..i»v**u-.''I'M—I«.«^jm>Mimi*i^^m^tmmm.m9W^n •        " inn.imp» 
—" 

. 

117 

M 

as "tree domain" corresponds to the Identify of U In Definition J.I. 

The rest of the symbols In the string are added according to Definition 

3.2. Therefore, 1, 11, 12, 111,—,etc. In Figure 3.25 (c) corresponds 

to tree domain 0, 1, 2, 1.1,—,etc. by Definition 3.2. 

Five characters, A, C, D, E, H, are used in this experiment. The 

assumed sample patterns for each of the five characters and their tree 

representations are shown In Figure 3.26. Their respective tree grammars 

are given in Appendix D.I. 

A total of 26 patterns, casually or meticulously printed characters, 

are tested. Assume that a  » y  • 6  » 1. The input patterns, their tree 

representations, as well as classification results and their distance 

from the assigned sample pattern are given in Appendix D.2. The entire 

recognition scheme is programmed In Fortran IV on a CDC 65OO computer. 

The cpu time used for chain coding and generating tree representation 

of each Input is given under the title "time used for linking a tree." 

The actual recognition time Is designated as "Time used for parsing." The 

average recognition time is 4.1 sec. per character. 

These 26 test patterns are also processed by the (non-error-correcting) 

tree automata constructed respectively for grammars G  G., G-, G-,  G 

given In Appendix D.I. Evidently, a pattern is acceptable only when its 

distance from a sample pattern is zero (see Appendix D.2). Therefore, 

only six out of the 26 test patterns are recognizable. The processing 

time is .012 sec. per character (average over the six recognizable patterns). 

Compared with their corresponding non-error-correcting schemes, error- 

correcting tree automata have the potential of recognizing highly noisy 

and distorted patterns. The trade-off Is the processing efficiency. 

11 im „,»    1  , 
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Character 

•) 
t—* 

'( ,t 

Tree Representation    /  /  / 

A 
a    c 

/V! 
a    d c 

A 
a    d 

'-^-* 

(i 

" 

b 

> >. 

A 
b    d 

I     I 
b   b 

I     I 
d   b 

A 
d * 'd 

A 
A 

b   d 

b   f 

Figure 3.?-t> Sample patterns of 
character A, C, D, E, H 

• ——•••• i.   n• ••--Ty^Ml—-^mfm^jji^BMMftnü 
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Using the techniques suggested In Section 2.4.3 can certainly reduce the 

processing time significantly. 

When a large set of training samples, including noisy and distorted 

patterns, is available, a pattern grammar inferred from these samples 

will reliably represent Its corresponding pattern structure. A con- 

ventional (non-error-correcting) syntax analyzer can thus perform 

recognition tasks satisfactorily. On the other hand, when the number 

of training samples is small, a pattern grammar inferred is usually very 

poor in describing the actual pattern structure. A conventional syntax 

analyzer designed according to the inferred grammar may often reject 

(noisy) patterns that should be accepted.  In such a case, an error- 

correcting syntax analyzer, such as the proposed ECTA, could certainly 

recognize (or accept) these (noisy) patterns by using the minimum- 

distance criterion. 

-»^H^P»B II IK . 
a4u. -•--  
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CHAPTER k 

CLUSTERING ANALYSIS FOR SYNTACTIC PATTERNS 

4.1  Introduction 

In statistical pattern recognition, a pattern is represented by a 

vector, called a feature vector. The similarity between two patterns can 

often be expressed by a distance, or more generally speaking, a metric 

in the feature space. Cluster analysis can be performed on a set of 

patterns on the basis of a selected similarity measure [3]. In syntactic 

or linguistic pattern recognition [5], a pattern is represented by a 

sentence in a language. The sentence could be a string, a tree, or a 

graph of  pattern primitives and  relations. The emphasis of such a 

representation is on the structure of patterns which is described by the 

syntax of a language. A similarity measure between two syntactic patterns 

must include the similarity of both their structures and primitives. 

In Chapter 2 and Chapter 3, we have proposed distance measures for strings 

and trees, which leads to the study of clustering analysis for syntactic 

patterns. 

The conventional clustering methods, such as, the minimum spanning 

tree, the nearest (or K-nearest) neighbor classification rule and the 

method of clustering centers can be extended to syntactic patterns. We 

shall briefly describe the extension in Section 4.2. An illustrative 

example using a set of character patterns are presented in Section 4.3. 

The studies described fn Section 4.2 and Section 4.3 are mainly 

on the pattern-to-pattern basis. An input sentence (a pattern) is 
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compared with sentences In a formed cluster, one by one, or with the 

representation (cluster center) of the cluster.  In Section 4.5 we shall 

use the distance measure between a sentence and a language proposed in 

Chapter 2. The proposed clustering procedure is combined with a 

grammatical Inference procedure and an error-correcting parsing technique. 

The idea is to model the formed cluster by inferring a grammar, which 

implicitly characterize the structural identity of the cluster. The 

language generated by the grammar may be larger than the set consisting 

of the members of the cluster, and includes some possible similar 

patterns due to the recursive nature of grammar. Then the distance between 

an Input sentence (a syntactic pattern) and a language (a group of 

syntactic pattern) is computed by using a ECP (error-correcting parser). 

The recognition is based on the nearest neighbor rule. 

4.2. Sentence-to-Sentence Clustering Algorithms 

4.2.1. A Nearest Neighbor Classification Rule 

Suppose that C. and C„ are two pattern sets, represented by sentences 

111 222 
X, » (x1   ,x2  »•••xn    * and x

2 " *xl   ,x2  »•••»*n    ' resPect,ve'v«    For an 

unknown syntactic pattern y, decide that y is in the same class as C. if 

1 2 min d(x. ,y) < min d(x» ,y); 
j    J      I * 

and y is in class C if 

i o 

min d(x, ,y) > mln d(x» ,y) 
j    J      I *• 

(4.1) 

\ 

In order to determine min d(x. ,y), for some i, the distance between 
J J 

y and every element in the set X. have to be computed individually. The 

—  . - •*•• •"- 
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string-to-string correction algorithm proposed in [26] yields exactly 

the distance between two strings defined in Definition 2.4. We shall 

briefly describe the algorithm in Appendix G.l. 

The nearest neighbor classification rule can be easily extended 

to the K-nearest neighbor rule. Let X. - {x. ,x, ,...x  } be a 

- i      " I 
reordered set of Xj such that d(x. ,y) < d(x» ,y) Iff j < I,  for all 

I <_ j, I < n., then 

1 ./" 1 decide ye  ' If \   7 d(x ' y) %    \   7 d(x, ,y) 
C2   j-1 K   J     j-i K   J 

(4.2) 

We shall describe a clustering procedure in which, the classification 

of an input pattern is based on the nearest (or K-nearest) neighbor rule. 

Algorithm 4.1 

input:  A set of samples X • {x.,x_,...,x} and a design parameter, 

or threshold, t. 

output: The partition of X into m clusters, C.,C,,...,C . 

Method: 

Step 1. Assign x. to Cj, j-I, m-I. 

Step 2.  Increase j by one.  If D - /"cKx» ,x.) Is the minimum, 

' 1. ' — m» and 

(I)  D <_ t, then assign x. to C. 

(ii) D > t, then initiate a new cluster for x., and 

increase m by one. 

Step 3. Repeat Step 2 until all the elements of X have been put 

in a cluster. 

J.'L1.".^1""1 •• ••'." • -—^.v: 
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Note that, in Algorithm 4.1, a design parameter is required. A 

commonly used clustering procedure is to construct a minimum spanning 

tree. Each node on the minimum spanning tree represents an element in 

the sample set X. Then partition the tree. Actually, when the distances 

between all of the pairs, d(x.,x.), x., x. e X, are available, the 

algorithm for constructing minimum spanning tree is the same as that 

where X is a set of feature vectors in the statistical pattern recognition 

[94]. The algorithm is given in Appendix G.2. 

4.2.2. The Cluster Center Techniques 

Let us define a ß-metrlc for a sentence x.1 in cluster C. as follow, 

ni 
ß.1 --L I   dU'x^') (4.3) 

Then, x.' is the cluster center of Cf, if ß ' - m|n {ß^M < I < nf}, 

x.  is also called the representation of C , denoted A.. 

The following clustering algorithm is given in [94]. 

Algorithm 4.2 

Input:  A sample set X - {x.,x2,...x }. 

Output: The partition of X into m cluster 

Method: 

Step 1. Let m elementsof X, chosen at random, be the "representation" 

of the m clusters. Let them be called A,, A„ A . 
I  /    m 

Step 2. For all i, x e X is assigned to cluster j, iff 

d(A.,x.) is minimum. 

Step 3. For all j, a new mean A. is computed. A. is the new 

representation of cluster j. 

Step 4.  If no A. has changed, stop. Otherwise, go to Step 2. 

'''•' »- ZZZS^^m^mmimmmimmäk 
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4.3. An Illustrative Example 

4.3.1. Data Preparation 

A set of English characters Is used to illustrate the proposed 

clustering procedure. There are 51 characters from nine different 

classes: D, F, H, K. P, U. V, X, and Y. Eight of the nine classes are 

selected from four groups, each with characters of similar structure; 

that is, D and P, H and K, U and V, and X and Y. The class of character 

F is different from the other eight classes. Each character is a 

continuous line pattern on a 20 x 20 grid as shown in Figure 4.1(a). 

Starting from its lower left corner, each input pattern is chain-coded 

[77] cell by cell by a subroutine. Each successive cell is coded as A, 

B, C, or D according to its position relative to that of the current 

one. After three consecutive cells have been coded, a pattern primitive 

of this line segment is extracted. 

(a) Primitive and Subpattern Extraction 

Four pattern primitives which are line segments with four different 

orientations, /a, I b,\ ,  , are selected. For example, ABA, CCA, or ADD 

are reduced to primitive a, b, or d, respectively. A primitive 

extraction subroutine PRIMITIVE is constructed and several typicat results 

from the subroutine are shown in Figure 4.2.  In the meantime, the chain- 

code subroutine searches for singular points of the input pattern for 

segmentation purposes. Coordinates of the singular points at two ends 

of a line segment (called a branch) are then recorded. For example, 

the chain-coded result for the character P shown in Figure 4.1(a) is 

given in Figure 4.1(b), in which the symbol "S" represents singular 

points. From Figure 4.1(b), the pattern has three branches, which, 

— — - 
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****************** 

"KfinflrffiFiKfi 
n fin 

-Fi } 

n 

TT 
tt 

"IN" 
M 

7T 
fl 

*** 

* 

* 
* 

* 
* 
* 

* 

* 

******* *********** 
* 

*** 

•***•*****•****•****•* 

* CbAÜUUUUU * 
OS                   tu              « 
* b                             t             * 
* b                        A               * 
* UAUUL/UUbA                  * 
* b                              * 
* b                              * 
* b                              * 
* H                                        * 
* b                              * 
* b                              * 
* b                              * 
* b                              * 
* b                              * 

********************** 

(a) (b) 

BRVticro—spurn—r*~ 
BRAr C>'2      2>TAKI(       10 

"OTA?.TF<"3—5TAKTT"—E" 

•FT rnrm—n—bT- 
faJ TLKFK 7        fa» 

'71  "'.  I IN« I—1U"—6T- 

(c) 

Figure k.\    The primitive extraction of a character P 

i      »i tm m   * , 
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pattern chain code primitive 

T—r 

£ BAB 

£ CCA 

/ 

—f—I—I—*"""" 

ADD 

- , 1   I   1  • 1.— • 

AAD 

  - _. 

J --v. / a i 
ADC 

Figure 4.2 The primitive selection of a line segment 
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together with the coordinates of their end points, are shown In Figure 4.1(c) 

Each branch is a subpattern, and the three branches consist of primitive 

strings bbb (Branch 1), b (Branch 2), and dddbdd (Branch 3), respectively. 

(b) String Representation 

From the recorded coordinates of starting and terminating points 

(tail and head) of each branch, the subroutlneCONCATE determines con- 

catenation relations between branches. Following Shaw's PDL [95], 

three concatenation relations, +, x, *, and the parentheses ( and ) are 

used. However, * is used here primarily for the situation of a "self loop"; 

that is, a branch of which the head and the tail coincide.  In such a 

case, the notation (B)* is used where B is the branch. The priority of 

the three concatenation relations follows the order of *, x, and then 

+. Consequently, redundant parentheses are eliminated. For the character 

P in Figure 4.1(a), the concatenations of branches are expressed as 

BRANCH 1 + (BRANCH 2 + BRANCH 3)*. The final string representation in 

terms of pattern primitives is bbb + (b + dddbdd)*. Similarly, the 

character K in Figure 4.3 is represented by BRANCH 1 + BRANCH 2 x BRANCH 3 x 

BRANCH 4, and finally by a string of primitives b + bbbxaaxbc. 

The 51 chain-coded patterns with their pattern numbers which represent 

input sequence are shown in Figure 4.4. The string representations 

extracted from subroutines, CHAIN-CODE, PRIMITIVE and CONCATE, are also 

Iisted in Table 4.1. 

4.3.2. Experiments 

(a) The Distance 

The proposed distance measure is performed on the linguistic 

representations of pattern (sentences), rather than on the pattern 

       • ~     ••"•'—•  -..--J-J^... 
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*»****"** ****** ******** 

•                M                            * 
• l                            * 
• A         nn         * 

""« "f TI V"    " 
• n      n               * 

• n    ft                    • 
• h   h                            * 
• JM                             * 

-« -in  * — 
• n ft                         * 
• n     ft                   * 
• ft       ft                 • 
• ft           hft                * 
•           ri                n             * 

" •»•*v»*»*»**"**»v*v**»* 

«»•••a*»****«»*«**«**« 
^                                .J.. 

•             ii                      • 

 *  d                          • 

•                     *           A                    • 
• "A                          • 
• O           A                                 • 

t                      0    A                                        * 
i                   0A                                       • 
*                   JsA                                       • 

• K c                    * 
* b       t                        * „           ß ^ _$__ 

•           0           cu                • 
•            0                 C              •"" 

••»»»a**«**««»****'****' 

0RAMLH1      STAKK       IV b» 
"fllf MBCWr~ STAMTT " •Tar"" ?r 
0RAfjCK3      bTAKM       li 01 
'ttfcM»t"%    STMKIV'T«»"     aT 

TtKrn lb 7» 
TtHlil ft |T 
rtHftl 7 lb» 
'TCKK1 Tv "IHT 

Figur« *.3 Th« prialtlv« •xtractton of a character K 
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MtU««       I wirM 
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0 • • * • 0               a • 

•                 c « • • • a               0 • «ouo 
% • •           woo • • 0                 0 • 
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•        • • 0 • * one» • 

•       a • • • MM • 
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•KUWC «••nxuooc»Mii H'»0«OXOl>»MU|. na«'Ok •uoiio 

I 

Figur« k.k   The 51 chain-coded character patterns 
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Figure k.H   continued 
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Milt*«    ** Mttc4« ' it MtltMl    *t MUIAN   a« 
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Figur« 4.4   continued 
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FIgura k,k continued 
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Figure k.k   continued 
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Pattern 
No. String Representation 

bbb+(b+dddbdd)* 

Pattern 
No. String Representation 

1 27 bbb+(dx(b+dd))xdd 

2 aaa+cddxaaxcbb 28 bb+cbxaaa 

3 (bbb+ddcbaa)* 29 bb+bbxddd+axbb 

4 cbbbxdabbbb 30 baa+bbxaaxcc 

5 bb+(b+dd)xd 31 ba+abxdd+axbbb 

6 bbbb+ccxbb 32 aa+ccxaxc 

7 (bbb+dxddcbbaa)* 33 bb+(bb+dxddcaad)* 

8 ba+bbxaaxcc 34 bb+bbxa+axcb 

9 aaa+cxaaxb 35 bb+(bb+d)xdd 

10 b+bbxdddd+bbxb 36 cbbxdaabb 

11 (bbb+dxddbbad)* 37 ba+bcxaa 

12 bb+(bb+dd)xd 38 aa+ccxaaxcc 

13 cbbbxabbba 39 bb+(bb+dd)xdd 

14 bb+bbxaaxcc 40 (bbbbb+dddcbaad)* 

15 bbb+cxaa 41 dab+cbxba 

16 cbbxda+bbxb 42 bb+(b+ddd)xd 

17 bb+bbbxaaxbcc 43 bbb+cxa 

18 bb+(bbb+dddbaa)* 44 b+dxabxdd+bxbb 

19 b+bbbxd+bxdxb 45 (bb+ddcbdd)* 

20 aa+cbxaaxcc 46 aa+cxaaxcc 

21 bbb+(bbadcbad)* 47 bbb+ddaabcddd 

22 bbbxddabb 48 bbbxda+bbxb 

23 bbb+bcxaa 49 baa+ccxbbxccc 

24 b+(bb+ddcbad)* 50 ba+bxa+abxbbb 

25 b+bbbxaaxbc 51 cbbxdabbbb 

26 bbbbbxabaa 

Table 4.1 The 51 character patterns and 
their representations 

•  —•'-">i m 
 - • - — •'-* 
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themselves. Consequently, whether the model yields a good measurement 

Is a matter of choosing representations. Figure 4.5 Illustrates a couple 

of examples.  In Figure 4.5(a) the distance between the two K's is 

smaller than a K and an X. Similarly, in Figure 4.5(b) the distance 

between a U and a distorted U, 'Ui'.is still smaller than the distorted 

U and a H. 

(b) A Minimum Spanning Tree 

Using algorithm in Appendix G.2 the minimum spanning tree for the 51 

characters is constructed and shown in Figure 4.6. The true clusters 

are circled on the tree. 

(c) The Clustered Results Using Algorithm 4.1 

The results of clustering based on K-nearest neighbor classification 

rule are given in Figure 4.7, Figure 4.8 and Figure 4.9 when K»l and 

t-6, K«3 and t"6, K-3 and t-6.5 respectively, where t is the preset 

threshold. The case that K»l is the same as that using the nearest 

neighbor rule. 

(d) The Clustering Results by Computing Cluster Centers. 

The clustering procedure given in Algorithm 4.2 does not require 

a preset parameter. Let the algorithm be initiated by choosing the 

first nine input patterns; patterns 1 to 9 as the representations of 

the 9 classes. The procedure becomes stable after three iterations. The 

results of all the iterations are given in Table 4.2. The final clusters 

are shown in Figure 4.10. The representation of each formed cluster Is 

marked with a square. 

In this section, all the experiments use unweighted distance. However, 
we exclude the possibility that a primitive namely, a, b, c, d, can not 
substitute a relation symbol, namely, + , x, *, (, ), and vice versa. 

•»•WIWIWWT '•-:' '-v 
••--- •••^•^•:.--..v.--^'. - 
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Pattern 14 

bb+bbxaaxcc 

t 
Pattern 34 
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(a) 

Figure 4.5 The distances between similar 
and dissimilar patterns. 
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Figure I». 5   Continued 
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Figure 4.6 The minimum spanning tree 
of the 51 character patterns 

^^"^•»W^^WlF" 
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Figure 4.7    The result of using K-nearest neighbor recognition 
rule - K-l, t«6 

T^^^WM • ji \n    ,, ..   •'. 
—-^a-**- " •   ••-  - -•  -•- —-        —  •• »•«   'n»     ,        ' I *t*i 
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Figur« %.8   The result of using K-nearest neighbor recognition 
rule - K-3, t-6 
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Figure 4.9    The result of using K-nearest neighbor recognition 
rule - K-3, t-6.5 
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cluster 1 

representation  1 

21 
33 

18 
24 
40 
45 

10 
13 
16 
22 

12 
27 
35 
39 

29  42 
31 
36 
44 
47 
48 
51 

15 
19 
23 
26 
41 
43 

7 

II 

8 

14 
17 
25 
28 
30 
32 
34 
37 
38 
46 
49 
50 

20 

(a)    the first  iteration 

cluster 1 8 

representation  21  2  3   22  39  15  H  8   20 

1  9 7 4 5 6 14 38 
24 18 10 12 23 17 46 
33 40 13 27 26 25 49 

45 16 35 28 30 
19 42 37 32 
29 41 34 
31 43 50 
36 
44 
47 
48 
51 

(b) the second iteration 

Table 4.2 The three iteration results 
using Algorlthm 4.2 

 ' IIUMI»! 
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cluster 1 

representation      24     9      3 22 39      15      11      8 38 

1 2 7 4 5 6 14 20 
21 46 18 10 12 23 17 49 
33 40 13 27 26 25 

45 16 35 28 30 
19 42 37 32 
29 41 34 
31 43 50 
36 
44 
47 
48 
51 

(c)   the third  iteration 

MMMMiWif immn •        11 
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Figure 4.10 The result of classification according 

to clustering centers 
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(e)    Remark 

From the experiments described in (d) and their results, the main 

weaknesses that exist in conventional clustering algorithms are also 

unavoidable when data are in the form of sentences. These weaknesses 

are; (1) the requirement of thresholds of somewhat arbitrary nature, 

(2) the requirement of large memory, for example, tables of n(n-l)/2 

if the sample set, X, has n objects, and (3) the chain effect. However, 

the chain effect could be improved by using a weighted distance. 

4.4. A Proposed Nearest Neighbor Syntactic Recognition Rule 

With the distance between a sentence and a language defined in 

Chapter 2, we can construct a syntactic recognizer using the nearest 

(or K-nearest) neighbor rule. Suppose that we are given two classes 

of patterns characterized by grammar G. and G», respectively. For an 

unknown syntactic pattern y, decide that y is in the same class as 

KG,) if 

d(L(G1),y) > d(L(G2),y) 

and decide that y is in the same class as L(G ) if, 

d(L(G2),y) > d(L(8,).y) (4.4) 

The distance d(L(G.),y) can be determined by a minimum-distance ECP 

constructed for G.. Consequently, a grammatical inference procedure 

is required to infer a grammar for each class of pattern samples. Since 

the parser also gives the structural description of y, the syntactic 

recognizer gives both the classification and description of y as its 

output. We shall summarize the procedure in the following algorithm. 

in   • l i •**1^,i*>' •    -,^~ *-.-.     ritr-lf-ni 
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Algorithm 4.3 

Input:  m sets of syntactic pattern samples 

X| • \X« ,X- »»«»»X   J, ... , X  • ix. ,X« t•••|X   / 
1 m 

and a pattern y with unknown classification. 

Output: The classification and structural description of y. 

Method: 

Step 1.  Infer m grammars Gj ,G,,. ••»G(t)» from Xj,X.,...,Xm, respectively. 

Step 2. Construct minimum-distance ECP's, E,,E2,...,E for 

G.,G_ G , respectively. 

Step 3. Calculate d(L(G.),y) for all 1 - l,...,m. Determine I 

such that 

d(L(G£),y) -
n[n  d(L(Gk),y) 

y is then classified as class I.     In the meantime, the 

structural description of x can be obtained from E.. 

4.5. A Clustering Procedure for Syntactic Patterns 

4.5.1. The Algorithm 

Using the distance defined in Chapter 2 as a similarity measure 

between a syntactic pattern and a set of syntactic patterns, we can 

perform a cluster analysis to syntactic patterns. The procedure again 

involves error-correcting parsing and grammatical inference.  In contrast 

to the nearest neighbor rule in Section 4.4 which uses a supervised 

inference procedure, the procedure described in thts section is basically 

non-supervised. When the syntactic pattern samples are observed sequentially, 

a grammar can be easily infered for the sample observed at each stage 

of the clustering procedure. We propose the following clustering procedure 

for syntactic patterns: 

mum* HI ~*> 
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Algorithm fr.4 

Input:  A set of syntactic pattern samples X « {x. ,x x } 

where Xj Is a string of terminals or primitives. A threshold t. 

Output: The assignment of x., I - 1 n to m clusters and the 

(k) 
grammar G  , k « I,...,a, characterizing each cluster 

Method: 

Step 1. Input the first sample x., Infer a grammar G. 

x,. L(G,(1)) 3{x,}. 

(1) from 

Step 2. Construct an error-correcting parser E.   for G.  ' 

Step 3-  Input the second sample x-, use Ej   to determine whether 

or not x„ is similar to x. by comparing the distance 

between L(G,(,J) and x2» i.e., d(x2,L(G] *")), with a 

threshold t. 

(1). (i)  If d(x2,L(Gj ')) < t, Xj and X2 are put into the 

same cluster (Cluster 1).  Infer a grammar G 

from {x.,x2>. 

(II)  If d(x2,L(G^^)) > t, Initiate a new cluster for 

x2 (Cluster 2) and infer a new grammar G. 
(2) 

from 

x_.  In this case, there are two clusters characterized 

by G and G.       ,  respectively. 

Step fr.    Repeat Step 2, construct error-correcting parsers for 

G^1*  or G,    '  depending upon d(x2,L(G, *'*))  < t or 

d(x2,L(G,    ')) it,  respectively. 

Step 5.    Repeat Step 3 for a new sample.    Until  all   the pattern 

samples are observed, we have m clusters characterized 

(m) 
b* Gn,   ' Gn2 •»•. , respectively. 

-*-~~*r^m*n 
m^'i'mlkitbmüiit^MmM,   i   mm 
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The parsers (non-error-correctIng) constructed according to 

G    ,G    ,...,G    could then forma syntactic recognizer directly 
nl    n2       nm 

for the m-class recognition problem. 

The threshold t is a design parameter.  It can be determined from 

a set of pattern samples with known classifications. For example, if 

we know that the sample x. is from Class I characterized by G   and the 

(2) 
sample x. is from Class 2 characterized by G  , then t < d(x.,x.). 

Or, more generally speaking, 

t < Min {d(L(G(2)J,x,) , d(L(G(,)),Xj) > (4.5) 

For m classes characterized by G  ,G   G  , respectively, we can 

choose 

t < Min {d(L(G(£)),x(k)) }, k +L 
k,l 

(4.6) 

where x   is a pattern sample known from Class k and L(G  ) is the 

grammar characterizing Class I  {I +  k).  If the above required information 

is not available, an appropriate value of t will have to be determined 

on an experimental basis until a certain stopping criterion Is satisfied 

(for example, with a known number of clusters). 

4.5.2 An Experiment 

Let the same set of pattern samples used in Section 4.3 be tested 

by Algorithm 4.4. The subroutines of finding string representations 

for the 51 character patterns are still used here.  In addition, we will 

have subroutines for grammatical inference and error-correcting parsing. 

i 
•n—**w '-'»-•-. -,.,,, 

- - - 
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(1) Grammatical Inference (Step 1, 3, and 5 In Algorithm 4.4) 

By comparing its distances to existing clusters with a threshold t, 

an input pattern sample is assigned to an existing cluster or a new 

cluster.  In either case, a grammar is first inferred for the single 

input sample. The inferred grammar is then merged into the grammar 

(by merging their productions) characterizing the assigned cluster. 

The subroutine REDUCE combines productions of the two grammars, removes 

identical productions, and unifies nonterminals. To use a simple 

inference procedure, input samples are assumed to be generated by finite- 

state grammars. However, non-self-embedding context-free productions 

are used to describe concatenation of branches. Each branch is described 

by finite-state productions. For the character P shown in Figure 4.1, 

the inferred grammar is given in Table 4.3. 

(2) Error-Correcting Parser (ECP - Step 2 and 4) 

The error-correcting parser used in this example is the HOECP given 

in Algorithm 2.1 and 2.2. Certain realistic assumptions are made to 

reduce the number of error productions. For example, we do not allow 

a substitution error that occurred between a, b, c, or d and + , x, *, 

(,or). Also, the concatenation symbol + or x cannot be inserted at 

the end of a string. 

A simplified flow chart for the complete experiment is given in 

Figure 4.11. 

(3) Experimental Results 

Following the clustering procedure described in Section 4.5» three 

experiments were performed:  (i) using unweighted (Levenshtein) distance 

with threshold t - 3, (II) using unweighted (Levenshtein) distance with 

TV».- 
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(0) 
•l " <VN»VT'P'S0> 

VM - {S ,BA,KA,BC,EA,EB} 

VT- {(, +, x, *, ). b, d} 

P:   S0 * BA + KA * 

KA - ( BA + BC ) 

BA * b BA 

BA + b 

BC * d BC 

BC * d EA 

EA + b EB 

EB •*- d EB 

EB + d 
(0) W    n.    n,   n,   n. 

L(6| )-{b  + (b  +d Jbd )*|n1,n2,n .n^ are  positive Integers}. 

Table 4.3 An Inferred grammar for pattern 1. 

• • »• JH. . 
••-' ••--•-•-•; - 
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(      main     \ 

m « 0 

I - l 

c Input pattern i 
In 20 x 20 grid 

call 
CHAIN-CODE 

call 
PRIMITIVE 

call 
CONCATE (x,) 

f-j\_no_ 

yes 

m • m + 

I  « m 

call 

GRAMMAR (x., G.  ) 

n: number of pattern samples 

i: input sequence 

m:    current number of clusters 

J:    the closest cluster for 
input i 

t:    assigned cluster for 
input i 

D:    0 - d(x|tL(GM 

t:     threshold 
J 

call 
ECP  (j, D) 

x^T 

Where G. - {V Z    P SS} Is the reduced grammar equivalent to 

e/'JuG.^u... UG,W 

'l     '2 'm * 

Figure 4.11     Flow chart of the clustering Algorithm 4.4 
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threshold t • ht  and (ill) using weighted distance with threshold t - 3. 

The results of clustering analysis are listed In Table 4.4.  In Table 4.4 

pattern samples are grouped according to the clustering result of the 

experiment (iii); pattern numbers in the first column correspond to those 

listed in Figure 4.4. The number in the parentheses of the last column 

in Table 4.4 represents the weighted distance between the pattern and 

the most similar cluster; that is, the cluster to which the pattern 

is assigned. 

For Experiment (i), there were 11 clusters formed. Pattern 18 was 

not assigned to the same cluster with other character P's, and Pattern 27 

was not assigned to the same cluster with other F's.  For Experiment (ii), 

t was increased from 3 to 4, only 7 clusters were formed. Both Pattern 18 

and Pattern 27 were correctly clustered. However, all the X's and the 

K's were assigned to the same cluster.  In both experiments, Patterns 13, 

26 and 47 were not correctly clustered. For Experiment (iii), 10 clusters 

were formed; all the patterns except Pattern 47 were correctly clustered. 

The weights associated with each error productions used in the experiment 

are given In Table 4.5. 

The final inferred grammar G , n • 51, from the third experiment, 

is listed in Table 4.6. The grammar is the union of the inferred grammars 

for each cluster; namely, G  , G  , G  ,—,G  . Nonterminals 

SQ, S., S_,—,S_ In the grammar are the start symbols of G  , G  , 

(2)     (9) 
G  ,—,G  , respectively.  In order to carry out the parsing for 

all clusters using a single parser, we merge all the productions originated 

from SQ, S., — ,Sg into a single grammar G,.. by adding productions SS • SQ, 

SS •»• S.,---,SS •+  Sg where SS is the start symbol of G5.. 

__••- -*••—* . - -    - 

,. i. ».I ., i 
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Pattern String True Unweighted Weighted 
No. Representation 

bbb+(b+dddbdd)* 

Character 

P 0 

t-4 

0 

t-3 

1 o(-) 
18 bbb+(bbb+dddbaa)* P 0 0 0(2.2) 
21 bbb+(bbadcbad)* P 8 0 0(3.0) 
24 b+(bb+ddcbad)* P 0 0 0(1.5) 
33 bb+(bb+dxddcaad)* P 0 0 0(1.5) 
2 aaa+cddxaaxcbb X K-) 
9 aa+ccxaxc X 1(1.5) 

20 aa+cbxaaxcc X 1(0.6) 
32 aaa+cxaaxb X 1(1.0) 
38 aa+ccxaaxcc X 1(0.) 
46 aa+cxaaxcc X 1(0.) 
49 baa+ccxbbxcc X 1(2.7) 
3 (bbb+ddcbaa)* D 2 2 2(-) 
7 (bbb+dxddcbbaa)* D 2 2 2(1.0) 

11 (bbb+dxddbbad)* D 2 2 2(1.5) 
40 (bbbbb+dddcbaad)* D 2 2 2(1.0) 
45 (bb+ddcbdd)* D 2 2 2(0.9) 
4 cbbbxdabbb U 3 3 3(-) 
16 cbbxda+bbxb U 3 3 3(2.0) 
22 bbbxddabb u 3 3 3(0.5) 
36 cbbxdaabb u 3 3 3(0.) 
48 bbbxda+bbxb u 3 3 3(0.5) 
51 cbbxdabbbb u 3 3 3(0.) 

5 bb+(b+dd)xd F 4 4 4(-) 
12 bb+(bb+dd)xd F 4 4 4(0.) 

27 bbb+(dx(b+dd))xdd F 9 4 4(2.0) 

35 bb+(bb+d)xdd F 4 4 4(0.) 

39 bb+(bb+dd)xdd F 4 4 4(0.) 
42 bb+(b+ddd)xd F 4 4 4(0.) 
6 bbbb+ccxbb Y 5 5 5H 
15 bbb+cxaa Y 5 5 5(2.0) 

23 bbb+bcxaa Y 5 5 5(0.9) 
28 bb+cbxaaa Y 5 5 5(1.0) 

37 ba+bcxaa Y 5 5 5(1.0) 
41 dab+cbxba Y 5 5 5(2.9) 
43 bbb+cxa Y 5 5 5(0.) 
8 ba+bbxaaxcc K 6 6(-) 

14 bb+bbxaaxcc K 6 6(0.9) 
17 bb+bbbxaaxbcc K 6 6(0.9) 
25 b+bbbxaaxbc K 6 6(0.) 
30 baa+bbxaaxcc K 6 6(0.) 
34 bb+bbxa+axcb K 6 6(1.6) 
10 b+bbxdddd+bbxb H 7 6 7(-) 

Table 4.4    The result clusters of the 51  characters 

^^^W^I^^BI^ 
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Table k.k    Continued 

is'» 

Pattern String True Unweighted Weighted 

No. Representation 

b+bbbxd+bxdxb 

Character 

H 

t-3 

6 

t-3 

19 7(1.5) 

29 bb+bbxddd+axbb H 6 7(1.0) 

31 ba+abxdd+axbbb H 6 7(2.0) 

kk b+dxabxdd+bxbb H 6 7(3-0) 

50 ba+bxa+abxbbb H 6 7(3.0) 

13 cbbbxabbba V 3 8(-) 

26 bbbbbxabaa V 5 8(0.5) 

*»7 bbbxddaabcddd D 10 7 9(-) 

mm~ -_- arifa miiiiml KUMM»*:-'M»
,
<X-^-V<. 
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Rule Weight 

Ea"a 0. 

E - b .9 a 
E +c 2.0 
a 

E +  d 1.0 
a 

E + aE, 0. 
a    a 

E •*• dE 0.5 
a    a 

E ->- +E 0.6 
a    a 

E •»• xE 0.5 
a    a 

E -*• X 0.9 
a 

Eb*b 0. 

Eb"a 1.0 

Eb'*c 0.6 

Eb"d 1.5 

Eb * aEb 
1.0 

Eb * bEb 
0. 

Eb * dEb 
1.0 

Eb * +Eb 
1.0 

Eb * xEb 
1.0 

Eb^X 0.5 

E •*• c 0. 
c 

E -»• b 1.0 
c 

E + bE 0.9 
c    c 

E •* cE 0. 
c    c 

E + A 0.5 
c 

Ed"d 0. 

Ed^a 1.2 

EJ •*• b 2.0 
d 

Table 4.5 New rules added 
to the original 
grammars 

-•- 
...... 
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Table k.5    Continued 

Rule 

Ed 
-•• C 

Ed 
-*• dEd 

Ed 
•*• XEd 

Ed 
-»• X 

E 
X 

-*• X 

E 
X 

-»• dE 
X 

E 
X 

-• xE 
X 

E
+ 

-V + 

E
+ 

-• aE
+ 

E
+ 

-*• A 
E* 

•* * 

E) 
->• ) 

E) 
-*• 

)E) 
E( 

•+ ( 

E( 
•+• 

dE( 
E( 

-»• xE( 

E( 
-• 

(E( 

Weight 

0.5 

0. 

1.0 

2.1 

0. 

1.0 

0.5 

0. 

1.0 

0.5 

0. 

0. 

0.5 

0. 

0.5 

0.5 

0.5 
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G -   (VN,VT,P.SS), where 

V  - (XY|X and Y are alphabets) U{S,|I - 0,1....,9) 

(,  )} vT- <». b, c, d, +, x, *,  (, 

P:    1 ss-s0 

2 S0 * BA + KA * 

3 KA - (  BA + BC) 

1 BA * b BA 

5 BA *fc 

6 BC - d  BC 

7 BC -*• d EA 

8 EA * b EB 

9 EB - d  EB 

10 EB - d 

11 SS - Sj 

12 S,  * BD + KB x BG 

13 KB - BE x BD 

1« BD * a  BD 

15 N • • 

16 BE - c EB 

17 BG - c  BA 

18 ss * s2 

19 S2 + KC * 

20 KC * ( BA • Bl   ) 

21 Bl  - d  Bl 

22 Bl  - d  EE 

23 EE * c EF 

24 EF * b BD 

25 SS   *   Sa 

26 Sj * KD 

27 KD * BG x BK 

28 BK * d El 

29 El * a BA 

30 SS * s. 

31 S^ •*• BA • KF 

32 K£ -»- ( BA + EB ) 

33 KF -»• KE x EB 

3* ss *s5 

35 S$ •* BA + KG 

36 KG + BQ x BA 

37 BO. * c  BQ 

38 BQ ^c 

39 S2 -»• KH * 

40 KH - (  BA + EB x Bl   ) 

41 EF * b EF 

»2 ss+s6 

43 S6 •*• EF • Kl  x BQ 
44 Kl   •* BA x  BD 

45 S,  + BD •»• KJ x BA 

46 KJ - BQ x BD 

47 SS * s. • 

48 S_ + BA • KK + KL 

49 KK - BA x EB 

50 KL + BA x BA 

Table 4.6    The grammar G 
51 

- •      I   - tm -lll      ,   r —- ^•_K^»W 
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Table A.6    Continued 

51 S, * KM * 82 Sj * KS 

52 KM -  (  BA + EB x BR ) 83 KS-rBAx BK 

53 BR •*• d  BR 84 BK -»• d BK 

5* BR -»• d EG 85 S_ -*> BA + KT 

55 EG -*• b EG 86 KT + BU x BD 

56 EG * b EH 87 S.-BA + KU * 

57 EH •* a EB 88 KU — (  BA + EJ  ) 

58 ss-s8 89 EJ -r d EJ . 

59 Sg -r KM 90 Sg  -»•   KW 

60 KN -*• BG x BS 91 KW •+ BA x BS 

61 BS - a EF 92 Si •*• BA + KZ 

62 Sg •*- BA + Kl  x BQ 93 KY -r ( EB x KE ) 

63 $5 -*• BA + KJ 94 KZ + KY x EB 

64 S- •*• KO + KL 95 S5 - BA + MA 

65 KO -*• BG x BT 96 MA H- BG x BD 

66 BT -*- d  BD 97 S_  -r  BA  + KK + MC 

67 Sg + BA + Kl  x BU 98 MC -r BD x BA 

68 

69 

70 

71 

BU + b BQ 

SQ -»• BA + KP * 

KP -r ( BA + BV 

BV ->- d  BV 

) 

99 
100 

101 

102 

S_ -r EF + MD + MC 

MD -»• El x EB 

S,  •+ BD + MA x BQ 

SQ -• BA + ME * 

72 BV * d EF 103 ME f  (  BA + EB x CB  ) 

73 S_ -»• BA + KK + KK x BA 104 CB - d  CB 

7* S,  -»- BD +  KJ  x BQ 105 CB + d  EL 

75 SQ -»• BA + KR * 106 EL * c EH 

76 KR •*•  ( CA ) 107 EH * a EH 

77 CA   -r  b   CA 108 S6H.BA + Kl  + MF 

78 CA -v b El 109 MF •*• BD x BG 

79 El -*• a EJ 110 El - a  El 

80 EJ - d EK 111 S   •> EF • 

S, * BD • 

KT 
81 EK * c EG 112 KJ x BQ 

111 * I 

• • •     II 11  n 
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Table 4.6    Continued 

113 S2+ KU * 

114 S- •*• BK + MG 

115 MG •* BG x EF 

116 S^ - BA + MH 

117 MH •*• KE x EB 

118 S- * BA + Ml 

119 Ml * BQ x BD 

120 S_ + BA + MJ x EB + MK 

121 MJ + EB x El 

122 MK •*• BA x BA 

123 S2 + ML * 

124 ML * ( BA + CC ) 

125 CC * d CC 

126 CC * d EN 

127 EN + c EA 

128 ss * s9 

129 Sg-MM 

130 MM * BA x CD 

131 CD + d CD 

132 CD •*• d EQ 

133 EQ * a EQ 

13* EQ •*• a ER 

135 ER * b BE 

136 S3 * MN + KL 

137 MN * BA x BT 

138 Sy + EF + KG x BO. 

139 S_ * EF + Kl + MP 

140 MP * El x BA 

<- 

•w*m^rm^n*r~ 
'-- --•—•— 

m^LlU.*.    ......   .... 
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4.6. Conclusions and Remarks 

In Sections k.k  and 4.5, we have demonstrated that, by using an 

error-correcting parser, the distance between a syntactic pattern and 

a group of syntactic patterns can be determined. Such a distance can 

be used for the nearest neighbor recognition and the cluster analysis 

for syntactic patterns. Essential parts in both applications include 

grammatical inference and error-correcting parsing.  If the correct 

classifications of pattern samples are known, the proposed nearest 

neighbor syntactic recognition rule can be applied to determine the 

classification and structural description of an unknown pattern. Using 

Algorithm 2.3 to determine the average distance between a sentence and 

the K-nearest sentences in the language, the proposed rule for a single 

nearest neighbor can be easily extended to the K-nearest neighbors. 

When the correct classifications of pattern samples are unknown, 

a non-supervised procedure must be used.  In this case, the proposed 

clustering procedure can be applied. Using error-correcting parsers in 

cluster analysis, after the clustering result Is obtained, we could only 

implement conventional non-error-correcting parsers for recognition. 

Furthermore, the grammars Inferred could be in finite-state form, the 

construction of conventional parsers for finite-state grammars is 

straightforward, and the parsing procedure is, in general, deterministic 

and efficient. The proposed clustering procedure can certainly be 

extended to syntactic patterns represented by trees since tree grammar 

Inference procedures [93] and error-correcting tree automata have already 

been developed. When a general error-correcting parser is used, the 

computer time required for clustering analysis could be slow.  (For 
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example, using a CDC 6500 computer with FORTRAN (V programming language, 

the average computer time for analyzing each pattern in Experiment (iii) 

ts 37 sec.) Nevertheless, this requirement may not be critical since 

a clustering algorithm is used primarily for pattern analysis rather 

than recognition. Besides, inference procedures for special grammars [jk], 

(such as finite-state and precedence grammars) can always be employed to 

speed up the analysis. 

The grammar inferred for each cluster often generates not only the 

sentences (syntactic patterns) already in the cluster, but also sentences 

with similar structures. For example, the grammar G.   in Table A.3 is 

an inferred grammar for Pattern 1, bbb+(b+dddbdd)*. However, L(G.  ') = 
n.    n-   n.   n. 

{b  + (b  + d  b d )*|n.,n n, and n. are positive integers) which 

represents character P of different sizes (Cluster 0). Consequently, 

the unweighted distance between Pattern 18 (a character P) and Cluster 0 

is 2 although the unweighted distance between Pattern 18 and Pattern 1 

is k.     For this reason, the clustering procedure proposed in Section k.$ 

appears to be more effective and flexible than that of computing the 

distance between an input pattern sample and a set of prototype or 

reference patterns on a sentence-by-sentence basis. 

With syntactic or linguistic representations of data being more 

and more common in pattern recognition, speech and language analysis, 

and database systems [98-101], nearest neighbor recognition rule, and 

clustering procedures for syntactic patterns should find their applications 

in these areas. 

- • • •   • - -    • -  •  - - -       - -'— • • • 
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CHAPTER 5 

A SYNTACTIC APPROACH TO 
TEXTURE ANALYSIS 

5.1  Introduction 

Research on texture analysis—modeling, synthesis, classification, 

and discrimination—has received Increasing attention In recent years [78]. 

Texture is a term for the quality of a surface. The feature that dominates 

a texture scene is the repetitive or quasi-repetitive pattern. Texture 

Information is valuable in scene segmentation, especially in those cases 

in which the contrast between the object to be observed and the background 

Is poor. A survey of research in this area can be found in Zucker f79J- 

Applications of texture analysis include terrain classification [80-81], 

radiographlc image interpretation [82,83], microscopic cell image analysis 

[84-86], materials Inspection [87], and  many others. 

Most of the previous research has concentrated on the statistical 

approach [80-90].  In this approach, statistical properties are calculated 

from a set of local measurements taken from the pattern. Weszka, Dyer, 

and Rosenfeld [81] give a comparative study of several frequently used 

features for texture classification. 

An alternative approach to the statistical one for texture analysis 

Is the structural approach [78]. A texture is considered to be defined 

by subpatterns which occur repeatedly according to a set of well-defined 

placement rules within the overall pattern. Furthermore, the subpattern 

itself is made of structured elements. Compared with the statistical 

IIIBWIII", . 111 •.. 
mm .— —Ml 
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approach, the structural approach appears to be easier to Interpret. 

Zucker [79] proposed the fdea of texture modeling in terms of an 

ideal texture and its transformations. According to Zucker, an ideal 

texture is a deep, unobservable, highly-structured perfect pattern in which 

local primitives (fundamental building blocks) are extended into a global 

structure such as regular tesselation. He believes that transformation 

rules can be defined from a representation of an ideal texture to that 

of a natural texture.  In our work, we shall propose a tree grammar which 

defines such rules. 

Carlucci [91] has formulated a system called "texture language" for 

the description of some simple repetitive subpatterns such as polygons 

or open polygonals. Texture patterns are treated as graphs with the 

basic elements in the texture language representation being lines and 

vertices. The structure of a subpattern is then represented as a tree. 

From a practical point of view, Carlucci's system may encounter difficulties 

during preprocessing, such as difficulty in the extraction of lines and 

vertices in a texture region. 

Ehrich and Foith [k2], propose a tree language approach for the 

description of the structure of waveforms called "relational trees." 

They believe that information about textures in an image can be obtained 

by sequential analysis of individual scan lines. The change of gray 

levels of a scan line gives a random waveform which can be represented 

by a relational tree. 

We shall propose a texture model based on the structural approach. 

In this model, a texture pattern is divided into fixed-size windows. 

Repetition of subpatterns or a portion of a subpattern may appear in a 

'*- - -- — 
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window.  For all cases, we shall treat a windowed pattern as a subpattern. 

A tree grammar is then used to characterize windowed patterns of the same 

class. This model can be used for texture synthesis as well as dis- 

crimination. Since the windowed patterns are also a part of the global 

structure of the texture, a higher level of syntax rules can also be 

constructed for the arrangement of windowed patterns. 

5.2 A Syntactic Model for Texture Analysis 

We propose the following syntactic model for texture analysis: its 

primitive, window, tree representation, and tree grammar being described 

here. 

5.2.1 The Primitive 

We choose a single  pixel with different gray levels to be the pattern 

primitive. For a picture of I  gray levels, we have £ different primitives. 

However, the size of a primitive can certainly be larger than a single 

pixel. For example, a window of n x n pixels with a relatively uniform 

gray level would be a good primitive. 

5.2.2 The Window 

From the structural point of view, texture Is the placement of 

structured subpatterns.  (See Figure 5-1 (b)). However, in a natural 

scene, the exact boundary of a subpattern is usually vague and unidenti- 

fiable. Often, subpatterns of the same texture appear in various sizes, 

shapes, or brightness.  In some cases, there even exists a situation in 

which there are no well-defined subpatterns. For examples of this see 

Figures 5.1 (c) and 5-1 (d).  In addition, the placement of subpatterns 

can be irregular and distorted such as shown In Figure 5.1 (a). Nevertheless, 
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Figure 5.1(a) Pattern D22.  Reptile Skin. 

Figure 5.'    Four texture patterns obtained from 
digitizing pictures found in Brodatz's 
book, Textures. 
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Figure 5.1(d) Pattern D68. Woodgrain. 
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Figure 5.2 Two tree structures for texture modeling. 
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1 

0 

aHMHtA^^taM 
-'-•—--••   •   •• •—•—•*-^  '-•••• - -—* 



PBT "  

171 

a small subframe of the overall texture pattern does maintain some of the 

characteristics of the texture. To make the syntactic approach practically 

feasible, pictures are divided into fixed-size windows. A grammar is then 

used to characterize the windowed pattern of the given texture. Assuming 

that the window is of size k x k, there are I      possible patterns. The 

set of all the windowed patterns of a particular texture is a subset of 

k2 
the I      patterns. Consequently, a high-dimensional regular grammar, for 

example, a tree grammar, is suitable for the characterization of texture 

patterns. 

5.2.3 The Tree Representation 

Before we construct the tree grammar for a texture pattern, each 

windowed pattern is first transformed into a tree representation.  Each 

pixel in a k x k window corresponds to a node on Its tree representation. 

Hence, a pattern primitive becomes the assigned label to its corresponding 

node. For implementation, a tree structure can be arbitrarily chosen, 

but is then fixed for all windows during the process. That is, for all 

tree representations, the tree structure is the same, but node labels 

are different. Two convenient tree structures are suggested in Figures 

5.2 (a) and 5.2 (b) where the window size is 9 x 9. We shall refer to 

them as Structure A and Structure B, respectively. Clearly, a different 

choice of tree structure will result in a different tree representation 

for the same window. This choice will Influence the complexity as well 

as the effectiveness of the constructed tree grammar. 

Example 5.1. Trie pattern shown in Figure 5.3 (a) has the tree 

representation shown in Figure 5-3 (b) If Structure A is used. 
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5.2.k    The Tree Grammar 

Example 5.2. The following tree grammar Gj will generate the tree 

representation shown In Figure 5.3 (b): 

(Vpr.Pj.A,) over <2,r> 

{A, ,A2,A3,AVA5,A6,N0,V0,1,0} 

i   - { S , D } 
l   o 

r - {0,1,2,3) 

N0 A2 N0 

A 
N0 A3 N0 

v A 
No A4 No 

N0 A5 N0 

'  /'\ 
V0 A6 V0 

/'V  '  .A 
N0 A6 N0 % No 

- • 

. 
•—   

T - 
in i «i jinn i i . 
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;  o 

;  l 

Example 5.3. Grammar G. in Example 5.2 will only accept patterns 

of a cross In the midle of the 9x9 window such as the texture 

pattern shown In Figure 5.4.  in a natural texture, we will most 

likely have some distortions of the perfect pattern such as the pattern 

shown in Figure 5.5. Grammar G„ will generate patterns having a 

shifting of the cross in Figure 5.3 (a) anywhere within the window. 

G2 = (V2»r'P2'S2^ OVer <l'r> 

V2 = (Aj»A2»C1,C2,Dj»D2'
Ei»E2'F1,F2'G1*G2,H1'H2*'l''2,J1,J2' 

N0'NrN2'N3'Ni»'V0',,0} 

S2 «• {ApCpDj ,Ej ,Fj ,G| ,Hj, I ^ ,Jj } 

Al^ 
/'\    ;    /'\    5   /\ 

N0 Al  N0    V0 A2 V0    V0  V0 

N0    A2    N0 N0    N0 

c, -*• 

'* /l\ •' /l\ ; /\ 
»I     Cl     N0 V0    C2    V0 V0      V0 
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Figure 5.4    A regular texture pattern. 
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Figure 5.5 A distorted texture pattern which 
can be generated by G„. 
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N,     C2    N0 N! N0 

A ; /K ; A 
N2    °1     N0 V0    D2    V0        V0      V0 

0 0 

/'\  ; /\ 
N2    D2    % N2 N0 

E2- 

/'\ ;  /'\  ; A 
N3    E1     N0 V0    E2    V0        V0      V0 

D 0 

A 5 /\ 
N3    E2    N0 N3 N0 

/'\ ;        A       5       /\ 
N2,    Fl     % V0    F2    V0       V0      V0 

F2* A    ;    A 
h    F2    N0 NA N0 

*  /'\   ;   A  ;   A 
N0    Gl     N1 V0    G2    V0 V0      V0 

G2 + 
/'\ J /\ 

N0    G2    N, N0 N, 

__ .  _ 
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The distorted pattern shown In Figure 5-5 can be accepted by G?. 

5.3  Illustrative Examples of Texture Synthesis 

In Section 5.2, a syntactic model is presented for describing windowed 

patterns. The global structure of the overall texture pattern depends 

on the arrangement of windowed patterns.  In Example 5.3» we constructed 

the grammar G for the acceptance of the texture pattern shown in Figure 

5.5.  However, when G. is used for generation, numerous patterns might 

be produced, one of which is shown in Figure 5-6. Therefore, in order 

to preserve the coherence between windows, a set of higher level syntax 

rules is necessary in which the windowed pattern is treated as a primitive, 

and the overall texture can be represented as a tree which decides the 

placement of windowed patterns. 

In this section, we will illustrate the synthesis of patterns D22, 

D3*», D38, and D68 from Brodatz's Textures [92].  Figures 5.1 (a), (b), 

(c), and (d) are digitized pictures with resolutions of 400n, 400p, 100p and 

AOOy, respectively, of the above four patterns.  For simplicity, we use 

only two primitives:  black as primitive "1," and white as primitive "0." 

By setting a threshold for gray levels in Figure 5.1, we obtain four 

binary pictures, Figures 5-7 (a), (b), (c), and (d) for patterns D22, 

D31», D38, and D68, respectively. 
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Figure 5.7(a)  Binary picture of pattern D22. 

Figure 5.7    Binary pictures of patterns in Figure 5>'. 
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Figure 5.7(b)  Binary picture of pattern D31». 
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Figure 5.7(c)     Binary picture of pattern  D38. 
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Figure 5.7(d) Binary picture of pattern D68. 
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5.3.1  Regular Tesselation 

The texture pattern D3k  is a hexagonally tesselated pattern which 

is nearly what Zucker called "(deal texture." 

Example 5-**. A syntheses of hexagonal tesselation is as follows: 

Assume that we have two windowed patterns; namely, A and C. shown 

in Figures 5.8 (a) and (b), respectively, with window-size 9x9. 

Tree grammar G, generates the tree representations, A and c., using 

Structure A described in Section 5.2.3. Tree grammar 6,' generates 

the placement rule for A and C,. The placement rule is given in 

Structure B. G and G ' are given as follows: 

63 " ^V3'r»p3» €A|*C1» over <Z,r> 

V3 - {A1,A2,A3,Ai|,A5,A6,A7,C1,C2,C3,Cif,C5,C6,C7,N],N2,N3, 

N^.NQ.I.O} 

p  • 
1 

Ai- 

%' *2    N0 

1 
A2. 

/ 
»0 A3    H0 

V  /!\ 
No \    "o 

N*   /\ 
N1 fl5 Nl 
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Figure 5.8 Windowed patterns of hexagonal tesselatton. 
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The generating procedure using the two-level syntax rules, G 

and G ' Is Illustrated in Figure 5.9. The generated pattern is 

shown in Figure 5.10. 

Example 5.5« In Example 5.**, we assumed that the window size matched 

the size of the hexagonal subpattern.  However, the 9x9 window in 

Example 5.4 does not perfectly match the pattern D34 in Figure 5.7 

(b). An improvement is shown in Figure 5.11 (b), where the hexagons 

have a similar size to that of pattern D3*».  In Figure 5.11 (b), 

window frames have been drawn in so that the windowed patterns and 

their repetitive order can be shown clearly. There are 20 different 

windowed patterns within each heavily lined area in a k  x 5 arrangement. 

The larger pattern, made up of the 20 windows, also repeats itself. 

The grammar G. that generates the 20 windowed patterns, is given on 

the left-hand side of Appendix E-l.  Figure 5.11 (a) shows the place- 

ment rule in Structure B for the pattern In Figure 5.11 (b). The 

symbol in each cell of Figure 5.11 (a) belongs to the set of starting 

symbols in grammar Gi. From each starting symbol, the corresponding 

windowed pattern of Figure 5.11 (b) can be generated. The grammar 

that generates the placement rule Is also given In Appendix E-l 

as grammar G,'. 

Example 5»6. The uneven brightness In pattern D3*», e.g., darker 

for horizontal lines and lighter for diagonal lines, can be simulated 

by using a stochastic grammar. Figure 5.12 Is the resulting 

im.. „. i.j ...,, ^gtauguatmammumatämum 
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Figure 5.10 The generated regular hexagonals. 
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--F0
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*1Ä 
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(a) Placement rule 

(b) Result Pattern 

Figure 5.11 Generated regular hexagonals. 
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Figure 5.12    Simulated  result of pattern D3^. 
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pattern from using stochastic grammar Gc In the generation of the 
54 

"noisy version." The grammar G  Is given on the right-hand side 

in Appendix E-l. 

In this subsection, three examples were given:  (1) to Illustrate 

the synthesis of an ideal texture for a matching sized window and sub- 

pattern, (2) for an unmatched size window and subpattern, and (3) for 

a noisy version.  However, the noisy version described in Example 5.6 

is the result of local noise.  In the following subsection, we shall 

describe the synthesis of a global structure-distorted texture pattern. 

5.3-2  Irregular Tesselation 

Let us examine pattern D22 in Figure 5-7 (a). We may consider that 

pattern D22 is the result of twisting the regular tesselation of an ideal 

texture such as the pattern shown in Figure 5.13.  From a single window 

the trend of distortion cannot be fully detected. For texture synthesis, 

such a global distortion can be treated as a problem of the placement 

of windowed patterns. 

Example 5.7.  The regular tessclated pattern shown in Figure 5.13 

is composed of two basic patterns shown in Figure 5.1*» (a) and (b). 

A distorted tesselation can result from shifting a series of basic 

patterns in one direction.  Let us use the set of patterns resulting 

from shifting a basic pattern as the set of primitives. There will 

be 81 such windowed pattern primitives. We shall refer to them 

simply as primitives in this example.  Figure 5.15 shows several 

of them.  Each primitive is given a name of two symbols.  "X.," 

where X e {A,B,C,D,E,F,G,H,I},I c {1,2,...,9}.  Starting from Xj, 
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Figure 5.13 The ideal texture of pattern D34, 
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(a) m 
Figure 5.14 Basic pattern of Figure 5.13. 
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6* ** 

"1 "2 "5 

Figure 5.15 Windowed pattern primitives. 
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the pattern resulting from shifting one column to the left will be 

named X, ,, and the pattern resulting from shifting one row up will 

be named Y.. Grammar G In Appendix E-2 is constructed for the 

generation of the 81 primitives. 

Several synthesis results are given in Figure 5.16 (a), (b), and 

(c). Tree representations using Structure B that decide the placement 

of windowed patterns are shown at the left-hand side of each pattern. 

Using the same idea as that in Example 5.6, a stochastic grammar can 

be used to add local distortions. An example of this is shown in 

Figure 5.16 (d). We can also construct a grammar for the placement of 

windowed patterns for certain types of structure distortion. For 

example, a twisted upward or downward pattern, or an insertion of an 

extraneous row of subpatterns, etc. 

5.3.3 Random Pattern 

The texture pattern D38 and D68 In Figures 5-7 (c) and (d) show a 

higher degree of randomness than D22 and D34. No clear tesselation or 

subpattern exists in the pattern. 

Example 5.8. The water waves in pattern D38 can be described as a 

belt extending In the horizontal direction, varying in width and 

twisting upward or downward. Assuming that, at most, one belt can 

appear in a window, we shall use Structure A for tree representation 

and a stochastic tree grammar G, to describe such patterns.  In each 

production rule in G,, the left-hand side nonterminal is the present 

state and the right-hand side generates the width and the position 

of the belt that the present state represented, as well as the next 

state. Figure 5.17 Illustrates this generation process. The 

-- "W.WJWPW1HB5 
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Figure 5.16(a) 

Figure 5.16 Synthesis results of pattern D22. 

A...A, .. I...I,.41, .-u   4H 

L^L C.--B, --B.J-A.-A,^!. -f- T'PT A 

E, T-E, - - 0C- -C, - -C, T-B, -B 

G,-KI 4-E,+o,+B,+Ai4^fll) -M:C+D 

ü ..I,.. I,.. 

A,"-A, --A,--B,--G,,-H3 

A,--*,. '-A---, 

A.--A, --A.--A 

37i: 
8T"» 

37 T8 7*8 El 
+B81O9IF, -41,4.1, 

A,4A, +8,4-B,+A, -HO -H8 TH8-*-H 

*;•** 

iLb 

'5 1*6 -G,--G 

-*„-•( 
l"^1. 

•A2TA2 

TgSa RCKff" 5SIAu»La BSS B K:.'S üfsts} a lira • HJl 
«>*»•« n»'a.f.»«-.** kl-.*-.*.  .L.-.I..   »»--«...   »•*»»  s*::::l  1'..* 

"w1 «w:"5 »i;i"'« B** •%,«!.. ..««"i-.>?i„«.<ä«*J%ü ;„. n 

Figure 5.16(b) 

^mm*r!r+^ 
^äitM^ä^Ummmtlm 



WMimmwi. !«""•'••* mmmmmm 

196 

H. --H .-•I,-- A,-- A,- I 

,..lo-- At f"S 
..H. X A,-- A,4- H0 -1-  G-J- F„--F, 

..H. 

-J) 

...A, 

— A... 

^ 
"ft •-H, 

--E, 

•-E, 

A,- 

*)T"8 
A    ' H.O.CJ.F 

5--M5T "* 

A,_H9 

- Ar+Ar-H,.+ Fg-j- D5-|-C 

-• A." A--G-" E •- C --B, 

A5+A5 

c,+e, --G, AlfA' 

Hrf" HQ~ - HQ 

H,--Gr..G,. 

<STfs\ 

'<rl<rH 

•\\H 

ST F9- 

--C.--B 

C„--A, 

Figure 5.16(c) 
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present 
state 

generated 
pattern next    state 

E|(      E2,      C2,      A, 

El»      E2»      C2»      Al 

2' I'        3* 1 

C2, C}t Cy E, 

Cy      C2,       E2 

2*        S* 1 * V 1 

V    G2«    E2»    Ai 

Figure 5.17 The syntactic generation of water waves. 
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grammar G,  Is given In Appendix F-l. Gg Is also the discrimination 

grammar for pattern 038 which will be dtscussed in Section 5.*». 

The production rules associated with zero probability are unused rules 

during pattern generation. They are added for pattern discrimination. 

The probabilities associated with the production rules in G, are 

arbitrarily assigned. By varying the assignment of probabilities, 

patterns with a different degree of brightness and fluctuation can 

be generated. Some resulting patterns are shown in Figure 5.18. 

Example 5.9. The texture pattern of D68, the wood grain pattern, 

consists of long vertical lines. It  Is particularly convenient 

for syntactic description when Structure A is used for tree 

representation. The subpattern (vertical line) and its repetition 

can be fully characterized by the stochastic grammar G7. Therefore, 

there is no need to generate the overall pattern window by window. 

The grammar G, Is given as follows: 

G, » (Vy.r.Py.Aj) over <Z,r> 

v7 " {A,,N0,N,,0,1} 

r - {0,1,2,3} 

Z    = {0,1} 

S*  /,X    .0.5   ,    A 

N0 Al No 

0.05 ; 

N0  N0 

/l\ 
M, A,  N0 

0.09 
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/l\ 
N,    A,     N0 

0.09 

N,    A,    N, 

0.09 

N0   A,     N, 

0.09 

M0   A,     N, 

0.09 

0.90 

0 

I 
N, 

0.05 

N, * 

0 

1 

0.05 

0.85 

0.10 

0.05 
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Hgure 5.18 Synthesis results of pattern D38. 
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The density of grains (vertical lines) depends on the probabilities 

associated with production rules.  Pictures in Figure 5.19 are 

generated from G^ using different probability assignments. 

5.4 Texture Discrimination 

The proposed texture model can also be used for texture discrimination. 

In Section 5.3, we illustrated how a texture pattern was generated 

window-by-window. The construction of a grammar in modeling the variation 

of size, shape, and brightness, as well as noise and distortion was 

illustrated by examples. We also discussed in Section 5.2 that a pattern 

in a small subframe (window) maintains some of the characteristics of 

the overall texture.  Under this assumption, we shall restrict the 

problem of texture discrimination to the recognition of windowed patterns 

only.  Each picture is processed window-by-window. 

5.4.1 Data Preparation 

The pattern shown in Figure 5.20 consists of patterns D22, D34, D38, 

and D68.  There are 180 x 180 pixels with 128 gray levels. We shall use 

two primitives (two gray levels) for discrimination. The picture shown 

in Figure 5.21 is obtained by setting a threshold at gray level 44. 

Window frames are drawn in Figure 5.21. The window size is 9 x 9. 

5.4.2 Discrimination Grammars 

The texture modeling grammars described in Section 5.3 are used for 

discrimination here. Let the grammar for pattern D22, D34, D38, and D68 

be G£2» G,^, G,g, and Ggg, respectively. From the viewpoint of 

discrimination, we would like to modify the grammar so that overlaps 

between L(G22), L(G^), L(G^g), and L(Ggg) (languages generated from 

^•»•WfWW" 
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Figure 5.19 Synthesis results of pattern D68. 
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Figure 5.20    Pictorial   data for texture discrimination. 
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Figure 5.21  Binary picture of Figure 5.20. 

 ••• -"-rirniii    1 11 ÜMlIllltl     • •     •"     --^M^J 



!„ Uli IIHI..J   I II niTJ.lln.il i  UM ii minim»., muni 1..1   mi, i. iiu. i II.,.III •»,,...»—...       ,   i    1.1 ,    ,.„,, 

205 

6-2» ^-iL>  G7R' an<* G68» resPect've'y) w" ' ^e as SIT«11 as possible. 

Whereas, each language itself needs to be asgeneral in characterizing 

each class of texture as possible. Grammar G__, G-. , and G,g are given 

In Appendis F-2, F-3, and F-4, respectively. Grammar G « is the non- 

stochastic version of grammar G, in Appendix F-l. 

5.4.3 Error-Correcting Parsing 

The nonventional parser usually fails to recognize a "noisy" 

pattern. Although we have tried to construct the discrimination grammars 

to include as large a variety of patterns as possible, the uncertainty 

existing in a pattern is impossible to be fully characterized and 

predicted. An error-correcting parser can be used to improve the 

classification accuracy.  In particular, in this application, we shall 

use the SPECTA (structure-preserved error-correcting tree automata) as 

the texture discriminator. 

5.4.4 Computation Result 

The SPECTA measures the distance between the input tree representation 

and the texture languages, L(G-2), UG-^), L(G-g), and L(Gg«) one by one. 

Then, the input pattern is classified to the texture class which has 

the minimum distance. 

The result of texture discrimination for the picture In Figure 5.21 

Is given in Figure 5.22. There are 400 windows. Thirty of them are 

misrecognized. The misrecognition usually results from the unavoidable 

overlap between two languages or from the reduction of one language to 

decrease the overlap. 
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5.5 Remarks 

In this chapter, a syntactic approach for texture modeling Is 

presented. The proposed approach appears to be attractive from the 

practical point of view. The preprocessing Involves picture digitization 

only. The window operation stores a small subframe of the pattern in the 

main memory. Thus, the process is manageable by a small memory computer. 

The most difficult part comes from the construction of an effective 

grammar. Since no sophisticated preprocessing is used, the linguistic 

representations are very sensitive to noise.  In constructing a grammar, 

we would like to consider as many variations of the texture pattern as 

possible. On the other hand, we also need to keep the grammar as simple 

(as few nonterminals and production rules) as possible to save storage 

space. Such a compromise often results in a grammar that generates some 

excessive sentences, but excludes some possible distortions. That is one 

reason for the necessity of using an error-correcting parser for picture 

parsing in texture discrimination. The other reason Is the uncertainty 

existing in the picture making the construction of a grammar difficult in 

order to fit all the possibilities of a texture class. 

All the computation examples are programmed in Fortran IV on a PDP- 

11A5 computer with a 32K core memory. The SPECTA we designed processes 

all the branches of a tree from the frontiers to the root in parallel, 

but it should be programmed in series on a general purpose computer. The 

process can certainly be speeded up by a specially designed processor. 

Automatic grammatical inference procedures for tree languages have 

been recently studied [93] • By combining an inference algorithm with 

the proposed discrimination procedure, an automation of the entire train- 

ing ad testing process as proposed in Chapter k  can be implemented. 

•ill — - • _ .. 
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CHAPTER 6 

SUMMARY OF RESULTS AND SUGGESTIONS 
FOR FURTHER RESEARCH 

6.1. Summary of Results and Conclusions 

The problem of modeling, analysis and reconstruction of noisy and/or 

distorted syntactic patterns is studied.  In syntactic pattern recognition, 

a pattern is described in terms of its subpatterns, primitives and the 

relations among them. Segmentation errors and primitive extraction errors 

can be treated as syntax errors and defined in terms of language transformation 

rules. Three types of error transformations are defined on strings, namely, 

substitution, insertion and deletion. Consequently, the parser constructed 

according to the grammar generating the strings and the three types of 

transformations is called the error-correcting parser. A stochastic de- 

formation model and stochastic error transformation rules are  also proposed, 

in searching for the most likely correction, the formulation of error- 

correcting parser (ECP) for context-free languages and context-free programmed 

languages are based on the minimum-distance criterion for non-stochastic 

model and the maximum-)Ike1Ihood criterion for stochastic model. 

The error-correcting parsing technique for string languages has been 

extended to tree languages. In formulating error-correcting tree automata 

(ECTA), five types of error transformations on trees are defined, namely, 

substitution, split, stretch, branch and deletion. Two types of ECTA are 

proposed; a SPECTA corrects substitution errors only, and a GECTA corrects 

all five types of errors. 
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By way of using language transformations, the distance between two 

sentences - strings, or trees, can be determined. This idea provides a 

necessary tool for the clustering analysis for syntactic patterns. The 

algorithms of constructing minimum spanning tree and clustering centers in 

statistical pattern recognition are extended to syntactic patterns. A 

definition of distance between a sentence and a language is proposed. Based 

on this definition, a new clustering procedure is proposed, where a grammar 

is inferred to characterize a formed cluster, and then updated when a new 

pattern is assigned to the cluster. An error-correcting parser, in this case, 

is employed to measure the distance between an input syntactic pattern and a 

formed cluster, or a language. Therefore, the procedure yields not only the 

clustering results but also the syntax rules characterizing each cluster. 

Finally, using the error-correcting parsing techniques, a real data 

example on texture modeling and discrimination are presented,  in 

texture modeling, the idea of window operation is used. Texture patterns 

are divided into fixed size windows. Windowed patterns belonging to the 

same class of texture are then characterized by a tree grammar. This tree 

grammar is used for texture synthesis as well as discrimination. However, 

in texture synthesis, the coherence between windowed patterns is also essential 

to the overall pattern.  It Is proposed to use a higher level syntax,for example, 

another tree grammar, as a monitor for the placement of windowed patterns. 

Consequently, structural distortion can be simulated by changing the place- 

ment of windowed patterns, whereas, local noise can be simulated by using 

stochastic grammars for characterizing windowed patterns. In texture 

discrimination, a set of SPECTA, wnere each is constructed for one class of < 

texture, is used as discriminator. An input windowed pattern is analyzed 
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by the SPECTA's then classified according to the nearest neighbor rule. 

6.2. Suggestions for Further Research 

The proposed similarity measure and error-correcting parsing scheme 

provide a formal model and a useful tool for recognition under uncertainty, 

for example, in a clustering problem where correct classification for all 

samples are unknown, or in a noisy environment, such as the analysis of 

texture patterns. To improve the recognition results, the following problems 

need further Investigation: 

(1) To Improve the parsing efficiency. The weakness of error-correcting 

parsing Is the need of long computing time.  In the case of 

error-correcting parsing for context-free languages, sequential 

method has been proposed to reduce the computing time. However, 

further improvement Is still needed.  In the texture discrimination 

example, patterns are divided into fixed-size windows, and then 

each window is classified by using SPECTA. Both window operation 

and SPECTA are parallel operations. Parallel processing techniques 

are expected to be very useful in Improving the computation 

efficiency. 

(2) The Inference of updated grammars. - The knowledge of classifi- 

cation obtained from using error-correcting parsers Is accumulated 

by way of updating pattern grammars. Different from the existing 

grammatical Inference procedure which often require all the 

training data be available at the same time, training data are 

given sequentially In the grammar updating problem. To update 

a grammar to be simple and effective Is a problem for future 

study. 
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(3) The Inference of a set of weights associated with error 

transformations. - Using weighted distance can improve the 

clustering results. The problem of finding a set of appropriate 

weights from training samples requires further study. 

(A) The inference of texture grammars. - Due to the noise and 

variation of texture patterns, it is cumbersome to construct 

texture grammars manually. To be more practical, the proposed 

syntactic model for texture analysis needs an efficient 

inference procedure. There are two problems to be studied; the 

first is the inference of stochastic tree grammar for windowed 

patterns, and the second is to infer placement rules for a 

texture pattern.  In the second problem, the regularity, or 

the repetition of the basic texture patterns has to be determined. 

Other problems such as choosing a suitable window size based 

on density or coarseness of textures, and finding the relations 

between window size, the effectiveness of texture grammar and 

parsing efficiency, etc. are also interesting problems to be 

investigated. 

(5) To apply the proposed syntactic texture model to analyze real world 

data, such as aerial photographs, X-ray images and LANDSAT data, 

etc. 
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APPENDIX A 

PROOF OF THE CONSISTENCY OF THE MULTIPLE ERROR MODEL 

Assume that deformation probabilities on terminal a e E is consistent 

on a single error model; I.e., equation (2.1) In Section 2.h is satisfied. 

By summing over all the cases in equation (2.2) we have, 

I * q(a|a) - {q„(a)} + {[ lq-(b|a) + q. (b|a)qD(a)]} 
a el bei: 

l-\ 
« { Z £ I ( I q,(b |a))]f I    (q-(b \a) 

Ä-2 j-1  b el b el 

+ q,(b |a)q0(a))]} (Al) 

From equation (2.7), the first three terms of (Al) can be reduced to 

[1- I   q,(b|a)] + [ I   q,(b|a)]qn(a) 
bei bei 

(A2) 

and the fourth and fifth term of (Al) can be reduced to 

I C i ( Z q.(b.|a))][1-qD(a) - \    q,(b |a) 
i-2 j-l  b el  ' v b eE 

•  I q,(b |a)qn(a)] . 
b el 

(A3) 
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Then, 

I    q(a|a)  -  (A2)  +  (A3) 

- 1-q.la)   (l-qn(a)) 

+    I    t n    q.(a)][(l-q.(a)) 
1-2    j«l     ' ' 

where    q.(a) «=      I    q.(b  |a) 
1 b eZ 

(l-qD(a))   ] - I 
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APPENDIX B 

SEQUENTIAL CLASSIFICATION ALGORITHMS 

Let e be a parameter, 0 <_e < I. 

Algorithm 3. Decision Algorithm 

Input: String a^a«...a . 

Output: Ct, I < » < k. 

Method: 

Step 1. Set j-0 and compute r-1 - j P(C.).  If r < e, stop and 

assign class C£, where P(C£) - "J" P(Cf).  If r >. e, set 

j-1 and go to Step 2. 

Step 2. Parse the jth Input symbol by SPA. 

Step 3.  If Step 2 receives parsing failure flag from all pattern 

grammars, stop and assign class C , where 

p(Ct|a,a2. . .a. ,o) - "^X p(C ( la^.. -a._,a) , otherwise go 

to Step I. 

Step k.     If J-n, stop and classify to C,, where 

p(C |a(a2...an) - •
x p(Cjl»|«2'••»„)• 

tf i+n>  compute 

r-l - "^X p(C j|a,a2..-a.a), go to Step 5. 

Step S.  If r < e, stop and assign C where pCcJa^.. .a .a) 

- "f* p(Cj|a.a2...a,e), otherwise, If J-n then stop, 

otherwise, set j-J+1. Go to Step 2. 
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Algorithm k.    Sequential Parsing Algorithm 

Input: A SCFG G. » (N.,I.,P.,S.) and an Input string a.a ...a. 

' U 1 n* 
Output: p(a.a2>..a.|C») and pta.a....a.a|C.). 

Method: 

Step I. 

Step 2. 

Step 3< 

Sf,0,1,1] to I. Set j=0, add Item [Z - 

(a)  If [A •* a • Bß,l,p,r] Is In I., and B 2—*- Y Is In P. 

add Item [B •+ • Y.J.q.O] to I., 

(b)  If [A -»• a •, l,Pj,r] Is In I., for all Item In I. of 

the form [B ->• ß • Ay.k.p-.s), add Item [B •*•  BA • y,k, 

Po.0] to I. where p- • PiP2» unless an Item of the 

form [B •*• BA • Y.k.q.t] Is already In I..  If this 

Is the case, set q • q + PiP2« 

(a) For each Item I. of the form [A + a • B$,i,q,r], 

where I < J, find in I. all the itmes of the form 

[C + |i • AY,k»t,s]. Suppose that there are  m such 

items with values for s equals to s.s....s , 

respectively, set r • q(s. + s, + ... + s ). 

(b) Locate all items In I. of the from [A •*• a  • Bß,j,q,r]. 

If there are n such items, number these items such 

that kth of them is denoted as [A. •* a. Vk-J-Vk1 

For the kth item, locate in I. all items of the form 

[C •*• v  • A.Yt'it.s].  If there are m. such items, we 

denote the values for s In these Items as s,s....s 
I i. ni. 

then rk - qk(Sj 
+ s2 + + %    ), k -1,2. 

k 
Note 

that either s. Is determined by Step 3(a) already, or 

- •  •••-••^•••- 
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s. is not known and Is one of the unknowns r. 

(J - Ii2...n). This given n linear equations In 

n unknowns from which r.»r*...r can be determined. 

Step k.     If J-0, to go Step 7; otherwise, go to Step 5. 

Step 5. Compute p(a.a_...a.|G.) as follow, If an Item of the from 

[Z •* Sj • , 0,p,r] is In I., set pla^.. .a. |Gj) - p, 

otherwise p(a.a2-..a.|G.) - 0. 

Step 6. Applying p(a.a„...a,|G.) and p(a.a2...a.aJG.) obtained 

from Step 5 and Step 8 to Algorithm 3, if it is decided 

to continue, go to Step 7; otherwise, stop and classify. 

Step 7. Set j"j+l. For each Item in I. - of the form 

[A * a • a.B,I,q,r], add item [A + aa '&i,q,0] to I., go 

to Step 8.  If no Item of the form [A •* a • a.S,l,q,r] 

in I. . exists, set parsing failure flag and 

p(a.a2...a.a|G]) - 0, pla^. ..a. |Gj) - 0, stop. 

Step 8. Locate the items which are added to I. by Step 7- Suppose 

that there are n such Items, number the mth of them as 

[A + eta, • &,t ,p ,rJ. Find all Items In I, of the form i    m m m i 
* n? 

[B •* Y • A6,k,q,s] and suppose that there are lm  such Items 

with parameters s denoting as s^^.-.s^ , then 
Km  *m 

p(a,a2...aj|G,) + pCa^g. ..aja|G}) - I Pffl I »,, go to 

Step 2. 
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APPENDIX C 

HIGHWAY GRAMMAR 

GH - (V,P,r,S) over <E,r> where, 

V  • {S,HQ,X0,Aj...g, Bp..g, Cj. 

Mf.y, h,b,$} 

r($)« {1} 

r(h> {0J,3> 

r(b)- {0,1,3} 

P: 

"V     l • • • 3»     1 .••!   F....-,   H....j, 

S •*• 

1 
* 

1 
Al 

B 

* 

1 
* 

1 
CI 

D 

1 1 
E. F 

1 « 1...8 

t - 1...3 

1 - 1...7 

I - 1...* 

I 
H. 

I 
I 
x. 

-.''.'"".''?"i*L.L- '•• -•    imuMMiMiMiiil—>iiiiiii»li> 



•HW" •"-     '" " 

xÄ * 

x0    *0      0 

xo   Ho   Hi 

*0    Al    H2 

X0    A2    H3 
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/l\     •     /i\     •     /l\      '     /l\ 
/   „    Nu u /   v    N *'    H_     X. HZ    H« 

xo   xo   Ho 
Ho   xo   xo 

xo   Ho   xo Ho   Ho  xo 

s /'v • y»\ 
xo   Ho   Ho 

Ho   xo   Ho 

H I 
x, *o  *o  Ao 

b 

VI 
H. 

VI 

H,-»- 7"   I 
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At - 

X0 A3 HL 

Ar + 

xo Ho Hi 

/'\ 
X0 A5 H2 

/!\ 
X0 A6 H3 

*8 

x0 A7 H4 

B, * 

Hl Ho xo 

B„ * 

H2 Bl X0 

B. + 

H3 B2 X0 

Bt - 

HL  B3  *0 

• • -  ••• • T     --• '•-• - 
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»5*      /l\ 
H1   Ho   xo 

h 

H+   /|\ 
H2    B5    X0 

h 

H3    B6    X0 

h 

< B7   X0 

b b 

«-*       /l\            . 
H,     B,    X0 H,     Cl     X0 

b b 

Hl    Cl    X0 H2    C2    X0 

b b 

H2    h    *0 H3    C3   X0 

X0    A,     H, 

b 

'         /l\ 
X0    Dl    Hi 

b b 

xo   Di   »1 
X0    D2    H2 

°3*     /|\ 
X0    °2    H2 

b 

*0   °3   H3 

••^^mmmrtmmn-r- ••••MMMMtfJiillflaMiHHBi  . — -^ ^t^^^H 
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E1- 

H,    X0    H, 

b 
E2- 

K   Hl    H2 

b 

V 
«,   E,    »3 

b 
E<r 

\    E2    \ 

b 
E5^ 

H5   E3   H5 

E6- 

b 

n\ 
h    h   H6 

b 

V 
H7   E5   H7 

V 
h 

H1    H0    Hi 

h 

V 
H2    H0    H2 
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»3   F.    H3 

V      /l\ 
«5   F3   "j 

H6   %   "i 

H7   F5   H7 

M. 
/[\ 

Hi   Ho  Hi 

b 
M2* 

H2    M1     H2 

b 

V 
H3   M2   H3 

b 
M,, * 

%   M3   H4 

« ••»wmwiiFi,. L   >- .- :«.a_-v.-...-^ 
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(a)    Group H 

I 
TT S5 

I 
(b)    Group A 

MHHHHHHH 

I 
ntt HHWHHH 

MHHH 

(c)    Group B 

HHH 
HHHHh 

L 
(d)    Group C,  D 

(e)    Group E 

Figure C-1    Typical  patterns generated from G 
H 
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(f)    Group F, M 

Figure C-1    Continued 

mini, jim ••;   * ....   ,    . 
*•'       '• •-• -'• *•   mi I'M          nil  if 1 
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APPENDIX D 

THE GRAMMARS AND RESULTS OP THE 
CHARACTER RECOGNITION EXAMPLE 

D.l    Character Granmars 

(a)    Character A 

GA        '  (VrA'PA'A) where 

VA        -  {A,A],A2,Na,Nd>Nc},     EA-{l,a,c,d} 

rA(?) - {2},  rA(a) - {0,2},  rA(c) - {0,1},   rA(d)  - {0} 

PA: 

*        A 

Al 

A 
A,      A2 

a 

/\ 
Na      Nd 

A2^ 

Nc 

Na^a,    Nd^d,    Hc + c 

(b)    Character C 

Gc        -  (Vc,rc,Pc,C) where 

Vc        - {C,CrC2,C3,Nd,Nf},  Ec - {a,b,d,f} 

rc(0  - {2},   rc(a)  - (I),  rc(b) - {]>,  rcld) - {0,1},  rc<f) - {0} 

*—**^mw    .,  .   -.    i  .    ""    " " ig- '      ' 
"***-- •    ••-   • ^-^-»^ 'i-^-^*-^—--^-- fcninriii iiirnmr i  i i  - ' ~" ""-"   •• " -•' *•'-•' 
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c v\ 
cl  Nd 

c1" 

Nd-d,    Nf + f 

(c)    Character D 

GD       "  (VrD'PD'D) 

VD        - {D,D)fD2,D3,DvNb,Nd},    ^-{i.b.d} 

rD(!) - {2>,  rD(b)  - {0,1},  r„(d)  - {0,1} 

P  • I 
0   •+ A 

Dl       °2 

D,  + 

Mt^rr 
- - •-- '• • • 

"•.   •;:.'. •V^:..L- •„ .......^   .:•, ;L.,;,^ ,,j-.,..  „ 
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D„- 

Nd-d,    Nb-b 
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(d)    Character E 

6E        -  (VE,rE,PE,E) 

VE        - {E,ErE2,E3,Nd},  EE - {l,b,d} 

rc(l) - {2},   r,.(b; - {1,2},  rF(d) - {0,1} 

V E    • 
/\ 

•A 
E2      Nd 

E2^ 

S* 

Nd-d 

— ':.'."•' — •-••• t — ;.££v.—.».       ".    "    •  
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(e)    Character H 

K    - <WVH) 

VH        - (H.HpHj.H,,,^}.    IH - O.b.d.f} 

rH(l) - U>,  rH(b) - {0,2},  rH(d) - {2},  rH(f) - {0} 

P  • 

H-7\ 
%      H2 

H>V\ 
Nb      Nf 

Nb"b 

Nf * f 

—.• ;.«HEJ^..-^..^... ...     -     ,,,_._J„„  .,..._„;. 
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Appendix D.2. Classification Results of 26 Test Patterns 

INPUT CHARACTER INPUT CHARACTER 

M 

n  M 
 A_   M 

M       P 

H       1 
"Ä       ' ü 
M H 

TKtL KtPRtSCNTftTlON 

TREE DOMAIN  HRiniTIVE KANR 

1        1 2 
11 • 
12 C 

1 
1 

111       A 
1111       * 

2 
1 

1112       J 
Hill       A 

0 
0 

121       C 0 

TIME UStU FOR Llfu-UNS A 
.169 SEC 

TREE 

INPUT CHARACTER I* A 

DISTANCE FORM NORMAL A 
IS o 

TIME USED FOR PARSING 
•1.911 SEC 

n 
MM 
n n 

n   n 
n m 

_M H 
M     "H 

H    » 
MMUMHMMMM 

n      n 
" M       M 
 n M 

n n" 
n H 

TREE REPRESENTATION 

TREE DOMAIN  PRMITIVE   *At»R 

1 
"ii 

 12 
111 
1111 

_ 1112. 
11111 

121 

* • 

a 
c 

2 
1 

T 
2 
i 

_o 
d 
o 

rinE usto FOR LINKING A TREE 
.1sä SEC 

INPUT CHARACTER IS  A 

OISTANCE FORM NORMAL  A 
IS  2 

TIME USED FöT PARSTTNG" 

S.13H  SEC 

BEST AVAILABLE COPY 

^^^l^^lill^UKbAhlii 
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INPUT   CHARACTER INPUT   CHARACTER 

MM fl 
M    MM HA 

M               !1 PA 

H           „?  M   fl 
M                    M M   fl 

n                « M   fl 
H                       fl ft      fl 
H                          1 n     A 

" 
H                 «i hfl     

wiHHfinMn«.ri«i fl        >i 
H                              « K             AMM 
M                                « M  MMlAMflfl 

 ft. fl    ... Ifl                   «"" 

n                     n H                        fl 
.. n.     n — «MM           »T  

M                    M fl 

TKfcE «EPRtSENTATION 

TREE OOMAIN  PRI1ITIVE   RAKK 

1 
ii 
12 

l ii 

T112 
111X1 

121 

Tine USLO FOR LINXirjG A THtt 
.186 SEC 

"INPUT CHARACTER IS  A 

DISTANCE PORN N0*flAL  A 
 IS_ 3  

TINE USED FOX PARSING 
S.l&l SEC 

TKtE  REPRESSIV 1 AT I ON 

TREE   DOMAIN     PRIfllTIVE RANK 

1                    I 2 
11 • 
12 3 

1 
0 

111 
1111 
1112 

11111 
11121 

TIME  UStO FOR   LINKING   A 
.192  SEC 

T*et 

INPUT  CHARACTER   IS     Ä 

OISTANCE 
IS     } 

FORM   NORflAL 1 

TIME USED FOR PARSING 
A.W» src 

BESI AVAILABLE COPY 

—      •• • —•  --• 
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»i"'11"»"""1 »'•" i"»»1•"" 

INPUT CHARACTER  

H 
H 
* 

n 
n 

INPUT CHARACTER" 

HJWH 

N       * 
n 

*     «HUM 
""A " "  

«              p n 
H         M 

H         n 

 ff ~ "  An          M 
mtmvm 

TKtE REPRESENTATION 
TREE REPRESENTATION 

TREE OOHAIN P911ITIVE RANK 
TREE DOMAIN   WISITIVE RANK 

1        1 1 
l              i 

ii              * 
2 
1 

11        Ä 
111        • 

2 
1 

12       0 
111       A 

0 
1 

112       0 
1111        A 

1 
0 

mi             a 
11111       3 

min             F 

TIKE USED FOR LINKING A 
.185 SEC 

1 
1 

1121       C 

" TTfflTuStÖ" ?0'R "C IN* 1NG "A" 
.185 SEC 

0 

Wit"" 

0 

THEE 

INPUT CHARACTER IS  A 

DISTANCE FORM NORMAL t> 
INPUT CHARACTER IS  C 

DISTANCE FORM NORMAL  C 
IS  0 

TIKE USEO FOR PARSING 
2.977 SEC 

IS 3 

TIME USEO FOR PARSINb 
   ..  2.6.9 SEC 

BEST AVAILABLE COPY 

'^-^-- » •-' hflii  infiaiMlil"     I   Hillil iMri 
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INPUT CHftKAeUK INPUT CHARACTER 

nnn nn 
n«  nnn n nn 

nn      i n   n 
n        n ._._                n    n 

n 
n 
n 
n 

n 
n 

n 
n ... n      n . - 
n n        n 
n        n M         n 
n        n n       i 
n        i   n  . ä  
n       a n     n 
nn    nn  - J) n  

nnnnnn nnnnn 

"TKfcE «PRESENTATION 

~~TR"EE""0"Q>1AIN  PRIMITIVE   KAfjK  TKtt KtPRESENTATION  

TREE DOMAIN  PRIMITIVE   «A*K 
  1 A... _.*.„. 

11    •  . 1 
12       0       0 

111        3        1 
1111       C       1 

11111       0                  1 
min     F     o 

 1   I .? 
11 •        1 
12 C       0 

111       i                   1 
1111       C       1 

11111       £       0 

Tine usto FOR LIMING A THEE. 
.166 SCC 

rine usto FOR LINKING A TKEE 
.193 sec 

INPUT CHARACTER IS  C INPUT CHARACTER IS  C 

OISTANCE FORM NO««AL  C "OISTANCE FORn NOIWAC  C "' 
IS  1 IS  3 

Tint USED FOR PA*SlfjG " 
2.967 SCC 

Tine useo FO* PAUSING 
2.661 sec 

BEST AVAILABLE COPY 

•,»"»»»W»^W^I,• '»'-••. 

-• •-   .—.. ..._^... - .   :   . 



241 

* INPUT CHAKACTC« 
INPUT CHAKACUK 

NNH 
NMMHM NNh   M 

n        * N      N 
NN    M 

«     * «      t 
M n                m 

R H        M 
n n 

n N 
ft M 

N t      " n j       «             N 
m N         * 
H H      MH 
ft       nn H    ffMN 

n           MM IWWH 
«««UM« 

TREE KEPRESENlATION 
TKLE KcPRLSENlAT10H 

TREE OOHAIN  PRIMITIVE rtAfoK 

_-TREE DOMAIN PRIIIIXVC .HANK 
1        I 2 

-  1 - - I-  
11     • 

  12    0  ... 
Ill        A 

_ . mi a 
urn     J 

2 
1 
0 
1 
1 
0 

.. ..... u..    • 
12       6 

 111. *...... 
1111       3 
urn     a 
mm     E 0 

TIME UStO FOR LIMING A 
.163 SCC 

TKEL TIME USLD FOR LINKING A 
,1«7 SEC 

TKEL 

INPUT" CHAKACtER~lS  C INPUT CHARACTER IS  C "" 
... 

OISTÄNCE FORM NORMAL " C   DISTANCE FORM NORMAL  C ••• 

IS  1 

. _ _.   

IS  2 

TIME USEO FOX PACING 
2.S2H Sfd 

TIME USEO FOH PARSING 
2.960 Sft - 

BEST AV»LE COPY 

•IT   •   immtä'tt ' • -*'-: •-•-• man —•   ^ -  -'    ...      . 
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INPUT CHAHACTEM 

M       UK 
n       1 
H          1 
H          1 
H          1 

«       1 
H         1 
«         1 
H         1 

n    ni 
fin««««««« 

* 

TKtC HCPRtSCMTATION 

TREE DOMAIN  fRIfllTlVE •W.K 

1     x 
 ..11 •  

12       0 
 U» 3  

1111       3 
121       3 

11111       3 
..  1?H ... .... 3  

TINE UStO FOR LIV41NG A 
.190 SEC 

2 

1 
1 
1 
1 
0 

. _0._ 

TKEL 

INPUT CHARACTER IS  U 

OISTANCE FORM NORMAL  L 
IS  0 

TlHE'UiEO FÖM "PÄHSIMC" 

INPUT CHAKACTEH 

n     (in 

M «( 
M 
M 
M 
M 

M 
M 
H 

n 
M 

n 
M 
H 

MM 
MM 

TREE KtPRfcSEMiATION 

TREE" "DOMAIN '" JWW i v E ÄJWÜC ' 

1 
11 
12 

111 
"liii" 

121 
"iiiii 
1211 

TIME USLO FOR LIMING A THtt 
.190 SEC 

INPUT CHARACTER IS 

OISTANCE FORM NORMAL  U 
.. U 0         

TIME USEO FOH PAKSING 
4.139 SFC 

BßVWMlABli-CDÖ 

•,:,:^ä 
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INPUT  CMAKACTER 

MMMMMMMM 
HH       ft H» 

ft ft ft 
K ft ....   M h. 

ft ft 
ft ft 

ft ft 
ft ft 
ft » 

—*    F 

ft n 
M * 

•• "w~ "um 
nnnnnM 

l 
ll 
12 

-ÜJL 
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"""flfct KtPRESEN'AtION  

"TREE DOMAIN PRI tiTTvc  R5KK 

112       3 
1111       ft 

1 
0 

1121             a 
121       * 

1 
0 

11211       3 0 

UftE USLO FOR LINKING A 
.190 SEC 

T«EE 

INPUT CHARACTER IS  b 

DISTANCE FORM NORMAL  1/ 
.  .. X» 2 

TIME USLO FO* PA<SINb 
».S3» sec 

BEST AVAILABLE COPY 

INPUT   CHAKACTCK 

HftftftM 
ft             Nftft 

ft        •       n     Nrt. 
_ft ft «li- 
ft                   ft ft 

n       M 
ft n 
ft M 

M H 
B ft 
ft ' « 

ft ft 
ft       ftft 
ft  ftft 

ftftft 
ftftftft 

 TR£C"ftCPRtSE>lTAT10N" 

"TMEE" DOMAIN     PRIMITIVE""" RAl.K 

1 
11 
12 

111 
121 
122 

...1211 
12111 
12.2». 

121111 

TIME  USLO  FOR  LINING   A   TKEE 
 »Jin «c  

INPUT CHARACTER IS  u 

OISTANCE FOR« HORftAL 
is   v 

TIME  USEO  FOH   PMSI'M» 
».13/  «: 

mtiim in     - •>    Mi   if n  liliMltMfc 
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INPUT  CHARACTER 
INPUT   CHARACTER 

nn       n nrmnnimnnnm 
H                  i 

H     W                  ii 
M 

it   «             n 
MM                   li 

M 
N 

n 
HAH                 n 
n   HNNrt    i 

n 
n 

H                 i 
H                      M M 

HflWifin 
nrttiMnnniirtnnri»!            

. ..THEE.   HtPRtSENIATIUN 

TREE  OOMAIN     PRIilTIVE 

1                 X 

RANK 

_2 
i 
l 
2 
2 
0 
1 
0 
1 
0 
0 

T?LJL 

TREE" KfcPrtLStNTÄTlON 

" TREE  ÖOMAIN'PRlilTlVE"""" RANK" 

11 • 
12 C 

111                   3 
1111                   * 

1                   1                   2 
11-1 

 "ii       ö o  
Ill                   3                   2 

1112                   F 
11111                   • 

1111 •                   1 
1112 0                   0 

11112                   0 
111111                   3 

121                   3 
1111111                   0 

TIME   USED   FOR   LINKING   A 

11111                   3                   1 
Him              o              l 

1111111                   3                   0 

TfHE'USfcÖ" FOR   LINKING   A'TrtEE 
.193  SEC 

.197 sec 

INPUT  CHARACTER   IS     U 
" INPUT"CHÄrtÄ'crLR "l¥ "t 

DISTANCE   FOR«   VO*/»AL     fc 
IS     <• 

HME   USiO   FOK   PAKSINÜ 
6.66b   WS 

01STANCE   FOR«   NORMAL     I 
IS     0 

TIDE   U5>E0  FOR   PARSING 
6.301 src 

BEST AVAILABLE COPY 

• ii.- in SSSi _  T»i 
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INPUT CHAKACU« ,.  INPUT.CMA*<ACTtH._ ... _ 

nntmnnnnnrmx in mnnnn 
H 
n n 
« N 
n •  H 
M N 
ri n 
nnnnnnnnnn R 
n hnn«finnni 

. .-«...  ... - n 
n ri 

 ji    . -- • N 
M H 

. . «-.._. -..- n                NKI 
n Nfinnnpipifipinn 

 _„.iwnnnfin«nnwnin   .. 

TKtE KtPRESENlATlON TKtt ^PRESENTATION 

TREE OÖHAIN PRIMITIVE  KM«« TREE OOMAIN  PRI1ITIVE   rfAf^K 

1       I       2 
ll     * „A...  1 T *  

12       O       1 11       *       2 
in    _a_ __ ...2  . ie     o     o 
mi     •     i in.    *     l 
1112        J       0 112       H       0 

11111       3       1 1111        A        2 
121      0     q .. 11111        *        1 

111111       0       1 11112       J       U 
_imiii. J»_ o min     a     i 

limn     a     i 
TIME UStO FOR LINKING A THEE 11111111       0       u 

.192 SEC 
TIME üstö FOR LINKING ä TKEE 

.195 SEC 
INPUT CHARACTER IS  E 

DISTANCE FORM NORMAL  fc INPUT CHARACTER IS  L 
IS  1 

DISTANCE FORM NORMAL  t" 
TIME USEO FOK PAKSING IS 2 

5.HH7 SEC 
TIME UiLU FOK PARSING 

*.<ttJ sr: 

o0 MNUHE COM 

-   -   • -• 
./, A'L^J,jl,;.'.. . ^. ,... •.    .    M 
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INPUT CHARACTER 

MMH 
MM  MM 

«M 

n 
PI   MMM 
MMM 

h .... 

M 
„^  

M C 
W "  wr 
M    MMM 
HMMMMM 

INPUT CHARACTEK 

m 

•   « 

.  . M ... . 
M    MMMI 

.  MHMMMM 
n 

. n  
M 
(i..    
M       * 
-8   _M- 
HH   MMI 

... ..JWBH  

"TREE; 'REPRESENTATTÖN" 

T«ee OOKiitN   r<ii i; rfvc      SAM 

1 
XI 
12 

111 
0 
A 

0 
2 

1111 
1112 

FOR 

* 
J 
J 
J 

.IMKING A 

1 
0 

11111 
._A**IAI. 

TIME UStO 

1 
0 

TKet 
.191 SfC 

INPUT CHARACTER IS  E 

OISTANCE FORM NORMAL E 
IS  1 

TIME USEU FOR PARSING 
»,917 SEC 

TREE REPRtSENlATION 

TREtOOMAIN  PRIMITIVE   RANK 

1 
11 

111 
112 

1111 
11111 

TIME UStO FOR LINKING A TREE 
.163 SEC 

INPUT CHARACTER IS  E 

OISTANCE FORM NORMAL  L 
IS  3 

"TIME USEO FOR PAKSING 
2.662 SEC 

BEST AVAILABLE COPY 

"i 
H.I I  I *••-•-•      •      -•   ~'"^-       •-' . ...-..,.     .. 
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INPUT CHA* 

H 

»CTEN 
INPUT CHAKACTtR 

n 
M        ft 
M        M 

M 
M 

H         1 
M         1 

M 
M 

n 

M         S 
H        1 

M 
M 1 

H        1 
M         "1 

M M 

nnnnrmnrmpn M 
M 1 

 H  - .« -  
M      i 

M 
M 

n 
•i 

.. n  _M . ._. M 
M M 

 ....ft 3  .. 
H         * 

M M 

-     -    

TREE KtPRLSCNUTION 

rUCt  OOMAIN     PRI1ITIVE TREE REPRESENTATION HA/»K 

TREE OOMAIN PRI1ITIVE Jiffo* 

1     . I  .1 ... 
ü     a     2 
in     •   A... 
112       3       2 
mi     a     o  
ii2i     *     i 
1122       F       0 

ii2ii     a     o 

TIME UStO FOR LINKING A TKEt 

1 
 11  

Ill 
112. 

* 1111 
1121 
1122 

11211 

TIME USt-0 FOR 
.190 

I 
... B.   

• 

.3. 
A 
* 
F 
a 

LINKING A 
SEC 

1 
2 
1 
2 
0 
1 
0 
0 

TNEL 

.190 SEC   

INPUT CHARACTER IS  H " 

INPUT CHARACTER IS  H 

DISTANCE FORM NORMAL  h 

DISTANCE "FOR« NORMAL "h 
IS  0                 , 

IS  1 

TIME ÜSEO FON 
3.761 

PARSING 
SEC 

TIME USED FON P/HSING 
3.76« SEC 

BEST AVAILABLE COPY 

........ -|---   i   r   -i-Miiüi    i mi m 
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INPUT CHARACTER INPUT CH»RÄCTER 

n 
N 
«1 

«     M 
pi 
« 

1 
"1 

H     «1 

«        « 
H       « 

n    i 

H  MUMMMf" 
H«M      "1 

H          *" 

«           « 
H           « 

« «« 
nnnnnnn 

N 
M 

—   « .. 
« 

« 

.1 
1 
.1 

«  
a 

.n .  ._ 
n 

H          n 

TREE REPRESENTATION 

TREE DOMAIN  PR11ITIVE 

1        I 

TREE REPRESENIATION 

TRCC  00KA1*  *»«HJTIWE   rt*\K 
RAN* 

1 
1        I        1 ii     a 

in     • 
112       0 

1111 • 
1112 rt 
mil     a 
1121 • 
1122 F 

11211       3 

TIME UStOI FOR LINKING A 
.193 sec 

"' INPUT CHARACTER' IS  H 

~ Ol'SrANCE FORK MP3HAL  M 
IS  1 

2 
ii     a     2 

111 *        1 
112 0       2 

1111        A        0 
1121 *        1 
1122 F        0 

2 
2 
1 
Q 
0 
1 

11211        3        0 0 
0 

t"l«E "UStÖ FOR LINING A tREt 
  _.tljs7 sec   TREE 

INPUT CHARACTER IS  h 

DISTANCE FORM NCftlÄL  h 
is .1 - -  

TIME USEÜ FO« PARSING 
TIME USEO FOR 

4.117 
PARSING 
SEC 

3.75» se: 

BEST AVAILABLE COPY 

—• -.I,  



• ""• •' •  T 

2k3 

 INPUT CHAKACTfcK INPUT CHAHACTLK 

ft * 
ft 1 

ft i 
'ti * 
ft in 

"Ü       fin Ki 
n   m     n 

~ "ft ft M 

ftft " 
n   " ft 
ft ft 

ft 
ft 

M 

TREE  KEPRESfNUTION 

TREE  OOMAIN     PRIMITIVE        rtAfcK 

1 I 1 
11 3 2 

111 • 1 
112 E 2 

1111 A 0 
1121 • 1 
1122 F 0 

11211 a 0 

THE  USLO FOR   1 
.188 

.INKING   A 
"SEC   " 

fKEE 

INPUT   CHARACTER   IS     M 

OISTANCE FORM NORMAL      rl 
IS  2 

TIME USED FOR "PARSING" 
3.099 SEC 

ft 
ft 

ft 
ft 

«1 
ft 
ft 

ft 
P 

fl 
ft 

ft 
M 

ft 
ftft n    .in 

n    hnnnn 

ft 
ft 

ft 
ft 

ft 
ftft ft 

ft 

TKfcE   KfcPRtSCMATION 

TREE   OOMAIN PRItlTIVE rtAf.K 

1 I 1 
11 

111 
 "3  

• 
"2"  

1 
112 

1111 
a 
A 

2 
0 

1121 
1122 

• 
E 

I 
0 

11211 
11212 
112111 

TTflE UStO FOR LINKING A T*Lt 
.192 SEC 

.INPUT CHARACTER IS. M 

—OISTANCE FOR" NORMAL 
IS  3 

TINE USEO FOK PARSING 
9.121 SEC 

BEST AVAILABLE COPY 

aMhi — -•••- ---      — -" •_ .-^    -  
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APPENDIX E 

SYNTHESIS GRAMMARS FOR NETTING AND REPTILE SKIN 

E.I. Grammar for Netting (pattern D3-j) 

Gi, * (vj,'r,FVV °ver <L%  r> and GS " (Vr»PS *V over <Z' r> 

V4 * {A0,I 9,B0,1 9,C0,I 9'D0,l 9,E0,1 9,F0,I,...,9* 

N0,l 6'V0,1 3}      * 

\ - <A, .Bo'B9'C8'A7»B6'C5'\'B3'C2»DI »E0'E9'F8'D7'E6»F5'D1.'E3'F2} 

P : I 1 P    : I 1 

«,*    /|\        ;     /\ S*     A,*     /l\        .0.3    ,     /\     .0., 

N0    A2    N0      M0      M0 V0   *2    V0 V0      V0 

A2 +      /l\ I      /\ 
Nj    A3    Nj       N]       Nj 

A2""     /'\ ' °'9     :     /\      ' °J 

N,    A      N1 N,       Nj 

A3*    /l\       '    /\ 
N2    A„    N2      H2      K2 

/l\        .0.9;      /\     ,0. 

"2   %   "2 "2     "2 

U V u w 

\*     /|\       I    /\ A^    /|\       ,0.9    ;     /\      ,0.1 
N-    A_    N-       ML      N- N3    A5    N3 N3      N3 

••^w*PFP-!n 
_^^^ 

*— •  :- •—    - 
—w 



..,.,::...,... i., ., ,. mmw^^mmmmmim^^mm^B^mm^m^mimmmmmmimm 

251 

0 0 0 

V    /|\      ;    /\ A5*    /|\ .0.9    ;    /\     .0., 
Hk    A6    Hk N,,      Hk Hk    A6    N^ M%      N^ 

0 0 0 0 

\*     /l\        ;     /\ A6*N/'\ '°-9    J    /\      •°J 

*0    A7    "o M0      N0 N0    A7    N0 N0      N0 

WW»WI      . 
• Iiu'll    1    I    I   llllHa««IMI HI   II 
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v\ v\ 
"o  A8  No     No    No 

252 

0 0 
-, - ,0.9    I /   \    .    O-1 

N0    A8    N0 N0      N0 

V»\  ; /v 
No  A9   No     No    No 

*8- /l\ '°-9 ;/\ 
No  A9   No No    No 

,   o.i 

N9V»\ 5    /\ 
No   Bo   No     No    No 

* /1 \     ' °'9   ' /\    '   0'' 
No   Bo  No No    No 

Vi\   ; /\ 
No   Bi   No     No    No No   Bi   No No    No 

,    0.1 

N0    B2    N0        N0      N0 No   \   No No    No 

N0    B3    N0        N0      N0 
/'\ 

, 0.9    ;   /\      ,   0.1 
/\ 

No   B3   No No    No 

V/l\     ;  /\ 
N0   Bi,   No      No     No 

B, . 0.9    ;   /\      »0.1 

*o   B4   uo Hn    B,.    N„ N„      N, 

^/i\   ; /\      B*Vi\ ,0-9 ;/\ 
N0    B5    N0        N0      N0 

0 o 
B,. *    /i\        , 0.9    ;   A      ,   0.1 

No   B5   No No    No 

N0    B6    N0        N0      N0 

0 0 
B. -    /i\       . 0.9    ;   / \      ,   0.1 svi\   ' /\       B5*/i\   ,0-9 ;/\ 

N0   B6   N0 N0     N0 

•^W^M«      ,   .    1, '  % .,,» 

  •   '-•- --*• - 
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B, * 
/l\    ! /\ 

%    B7   N0       H0     "o 

/l\ 
. 0.9   ; A ' 0J 

N
o   B7   No No    No 

/l\ ; /\     B?V'\ 
No   B8  No     No    No 

0 o 
ß i\        .0.9    }  / \     »   °-1 

No   B8   No No    No 

"*   B9   Ni.       \     \ 

0 

/'\ 
, 0.9   ;   /\      ,   0.1 

/\ 

\   B9   Ni, S     \ 

V/l\    ;  /\ V/|\ 
N3    C0    N3        N3      N3 

0 o 
B« *    /i \        , 0.9    ;   / \      ,0.1 A 

N3    C0    N3 N3      N3 

c»7'\   ; A 
M2    C,     N2        N2      N2 

CÄ *    /1\        . 0.9    ;    / \     »0.1 
/i\ A 

N«    C.     N« N«      Nj 

u u :«v\ ;/\ 
H,    c2   N,       N,      N, 

/l\ 
, 0.9    ;    /\      ,   0.1 

/\ 
N,    C2    N, N,       N, 

1 1 

/i\   ; /\       C2V\ 
N0    C3    N0        N0      N0 

1 1 
, 0.9    ;    /\      ,    0.1 A 

V0    C3    V0 V0     V0 

1 1 
C3   V\        ;    /\ V   /]\ 

No  ck   No     No    No 

1 1 
, 0.9   ;   / \     .   o.l 

\ 
»0   c*   vo vo    vo 

s * A ; A 
No   c5   No      No    No 

Ci. *    / i \       , 0.9   ;   / \     »o.l 
/i\ /\ 

»o  cs  vo vo   vo 

• •mim .\,m    .           t ...  ,t. --„ • v — 
-   • •'  ~-    -       

mMM HM—MW««» - n m Mi»     -111 - '-i " '1—r 
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1 I 
C. *    / i \        , 0.9    ;    / \      .0.1 

%    C6    N0        N0      N0 
V0    C6    V0 V0     V0 

C^     /l\ ;     /\ 
%   C7   %      No    No 

1 1 

e$*  /|\    '°-9  ; /\    '  0J 

v
o  c7  vo vo    vo 

I 

V    /l\       •    /\ 
«0   C8   H0       N0     N0 »0   c8   V0 V0     V0 

/\   ; A 
N0    C9    N0       N0      N0 

1 1 
/.   *   /i\       » o.9   ;   /\     .o.i 
c8      /'\ 'A 

v0  S  vo vo    vo 

/i\   ; A 
0      0      0 0        0 

c
?7i\  -0-9 ;/\ ' °'] 

.        V0    A0    V0 V0      V0 

1 1 
Ao*    /l\      ;    /\ 

"o  Ai   No     No    No 

1 1 

'o  Ai   vo vo    vo 

D, - •*     /l\ J     /\ 
N3    D2    N0        N3      N0 

°i* /i\ '°-9 •• A •oj 
/!\ 

V3    D2   N0 V3     N0 

*   /l\     ;  /\ 
N6    D3    N0        N6      N0 

0 0 
D, * 
»*  /l\    '  /\ 

N.     D^    Nö        Nj       NQ 

h+ j\\     .0.9 ;   f\    .   o.l 

N6    D3    N0 N6      M0 

0 0 
D, -»-     / i \         , 0.9 :     / \       .    0.1 ».9    ;    I \      .    0.1 '3       / I \ 

»,   \   No Ni    No 

I •••IIP». Ill«   ,    ..   »• 
• -      -    - -    --•   •• -- -•"'-' 

.... . ,;  „ ^-.....    .,.,,.;...• „.„.r.^.,,. 
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0,. - 
1 1 

/l\ :     /\ 
No   D5   No     No    No 

Dt •*-    , i \       . 0.9    ;   / \      ,0.1 
/i\ /\ 

"o  °5  "o "o    "o 

0, - 
^ /l\   ; /\ 

N0    D6    N1        N0     »1 

0 0 
°5 *   / l\       . 0-9   ;   / \ oi 

/\ 

»0   \   Nl H0     "l 

»0   »7   "6       "0     M* 

D/*    /i\       , 0.9   ;   / v      ,0.1 
/i\ /\ 

"O   °7   "6 H0     \ 

0, * 7*   /l\       '     /\ "7*   /l\ 
N0   D8   N3       N0     N3 

0 0 
o. -       i \       , 0.9    ;    / \     ,0.1 

N0   D8   V3 N0     V3 

Dfl * «"     /I  \       *'    A °8^   /I  \ 
N0    Dg    N3        N0      N3 

0 0 
Da *    /1 v      , 0.9   ;   / \    ,o.i A 

N0    D9    V3 N0      V3 

0 0 
D9^     /|\ ;     /\ 

N0   E0   N3       N0     N3 

0 0 
•j*    /|\        •  0-9     5    / \       •    ••' 

N0   E0   v3 N0     fJ 

EÄ * o*   /l\      J   /\ E°~ /l\ 
N0   El    N3       N0     M3 

0 0 
E„ -    /i \      , 0.9   ;   /\     .o.i A 

M0   El   V3 N0     V3 

E, * 
•* /i\    ;  /\ 

N0   E2   N3       N0     N3 

E1* 

0 0 
, 0.9   ;   / \    .   o.i 

N0    E2    V3 N0     V3 

E2* : /\\ - /\     •** /i\ 
N0    E3   N3       N0     M3 

0 0 
E, *    / i \       , 0.9    ;   / \     ,0.1 

/\ 

«0   EJ   v3 "0     »3 
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E3*    /l\       »    A 
N0   Ek   N3       N0     N3 

/i\   ' /\ 
N0   E5   N3       N0     N3 

E'~ /i\   ! /\ 
N0   E6   N3       N0     N3 

E, *    /i\        . 0.9    ; /W A • 0J 
N
0   h   »3 "o     V3 

«** /l\ '  °'9     '    / \       '     °*1 

N
0   E5   V3 N0     V3 

0 0 

"5      /l\      '••»   '   /\ Ee *   /1 \      , 0.9   ;   / \     ,o.i 

M0   H   V3 N0     V3 

^    /l\        5     /\ 
N0   E7   M3       N0     N3 

E6*   /l\      ' °'9    '•    /\     •    °'1 

N
0   E7   V3 N0     V3 

E, - »* /i\   ; /\        '»•/IN 
N0   E8   N6       N0     N6 

0 0 
E„ •*-    /i \        . 0.9    ;    /\      ,0.1 A 

N0   E8    N6 N0   N6 

/l\   ;  /\ 
N0    E9    Nl        N0     N1 

Eo *     / i \        IO.J    ;    A      ,    0.1 
/!\. 

N0    E9    N1 N0   N1 

No  Fo  No     Mo    Mo 

E9 *    /l\        » 0-9    ;   /\      .0.1 

No   Fo   M0 M0   No 

Fo* 
N1    F1    No       N1     No 

p« *    /i\      . 0.9   ;   / v     ,o.i 
/|\ A 

Ni   Fi   No Ni   No 

F. - 

•    H6    F2    N0        N6      M0 

F, * 

0 0 
, 0.9    ;    /\      ,    0.1 

/i\ /\ 
6      2      0 6      0 

•         «""^ - 

ÜMüii^Min  in   i  • - - - -~ -   ..-..•••         
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'»*    /l\ 5     /\ 
N3   F3   N0       N3     N0 

F2*  /|\      '°-9    5   /\     '    °-1 

V
3   F3   N0 V3 .  N0 

F, -• ^ /W    ; /\        F'Vi\ 
N3    %    N0        N3      N0 

N3   F5   N0       N3     N0 

N3    F6    N0        N3      N0 

F, * 

N3   F7   N0       N3     N0 

0 o 
F, +   /i \      , 0.9   ;   / \    .o.i A 

F^ /'\   ; A       F*V\ 

v3   F4   N0 V3     N0 

0 o 
. 0.9   ;   / \     .   o.i A 

V     /l\        ;    /\ '**   /l\ 

V3   F5   % V3     N0 

0 o 
, 0.9   ;   / v     .   o.i A 

^ /i\    ; /\        F^ /i\ 

v3   F6   M0 V3     N0 

0 0 
F, *    / i \       , 0.9   ;    / \     .0.1 

/\ 
V3   F7   N0 V3     "O 

7*     /|\        :    /\ 'l*   /l\      >0-9    '   /\ F, - 

N3   F8   No       N3     N0 

,    0.1 

v3   F8   N0 V3     % 

'•* /i\   ; /\ 
N3    Fg    N0        N3      N0 

F„ * , 0.9   ;   / \     .   o.i /l\      '°-9   J  /\ 
v3   F9   N0 V3     N0 

N3   D0   N0       N3     M0 

0 0 
, 0.9   ;   / \     .   o.i 

' ... •• n u M t 
V3   D0   N0 V3     N0 

DÄ - 

«3   »1    »0      N3     N0 

/l\ 
, 0.9   ;    / \      .0.1 

/\ 
Vj    D,    «„ Vj      N0 

—»d^«^— • L^-^.»—aatj ..^j-^M^ii^^^^a^jt^,.;,^,. .   ,,,-•-   . .,. — ,._. ;.            -•- • •   - - "^»" 
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N0* 
, 0.75 ;     0       ,   0.25 

Nl* 
, 0.6    ;      I        ,    0.«» 

Nl* 
, 0.5   ; .   0.2 

V , 0.2     ;      0        ,    0.1 

0 

I 
N. 

0 

I 
N, 

N2 • ,1.0 

,   1.0 

nh + , l.o 

N5* 

1 

I , 0.7   ; .   0.3 

N6* 
,  1.0 
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v2 *       . ,1.0 

1 

v3 •*• ,i.o 

V3 

Gi,   " (vi» ' rk ' ?k ' V over <Z*» * r4 > 

\ " {X1,2 9,0 ' *1,2,...9,0}UZ'i 

h   - {Ar B0' B9' C8' V V C5* V V C2' Dr E0' E9' F8' D7' 
E6« F5,  DV  E3 .   F2J 

1 

ri. - {0, 1,  2} 

V 

x1- 
Al 

Y,           *2 

, 

V 
X3 

5 

X3 • 

Xi, *     I8 
"5 

! 

X5 *    ? 
"* 

a » 

Al 

X2 

B0 

A1 

B9 

C8 

A7 
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w \ 
Y6       X7 

i 

B6 
1 
X7 

B6 

c5 
V          1 i C5 

X8 

X8^         | 
i \ 

X9 

B3 
V         1 » B3 • 

X0 

C2 
xo-       I » C2 

Xl 

Y' • A » 

Dl 
1         » 
Y2 

Dl 

v ;° » E0       . 

Y3 

E9 
9 E9 

F8 
Y^          1 * F8 

Y5 

°7 
Y5*         1 

» D7 

r •^^•«Wl'       . i  .   .. 
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Xl     Y7 

;    FC 
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• •   .       ' 

Y, 
;    o. YÄ + I 

Y, 

"3     ^ 

V       ' ;    e, 

E.2.    Grammar for Reptile Skin  (pattern D22) 

G. - (V_,r,P5,S5) over <Z, r> 

»5-s5uiU(V, 9,v0>) 5) 

Sj - «,|X e {A,B,C,D,E,F,8,H,D, I  c {1,2,....9» 

I I V 
A,*   /l\     ;   /\ 

V A      V        W V V0   *2    V0      V0        0 

^ A • A 
V V vo     »0     vo 

A,* /'\     '   A 
2      1»      2        2        2 

- —-      ••-•-    - -  '--'••* im iifiWrttiij-    - —-•— -     • 

^TV»-   • 
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s* 
1 / \ 

/l\ ; /\ 
"5 

o 0 /\ syi\ J   /\ 

1 

A6 

1 

V'\ ; A NJ    A7    N, N, N, 

1 
A. yi\ :   /\ 

A8 yi\   ' 
J        A U 

A9 

Dl 

1 
B 

1 
B 

«i  »,  "o vo     vo 

yi\ •   A 
V'0    A,     V0 V0        v0 

/i\  :    A 
y\\  ••   /\ 

1 

r/i\   ;    /\ 
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'»* /l\        ! /\ 
' D kl U • 

%   B5   N5 \       N5 

/'\      *'        /\ 
V5    B6   N7 

V5        N7 

/>\       ; /\ 
I n U >l U N4    B7    N5 \        N5 

/!\ ;   J\ 
S    B8    V0 N5       V0 

y>\ ;  /\ 
V2    B9    V0 v2 0 

S* /'\       ' A ' r> II w' 1/ 
V2    Bl     V0 V2 0 

c'Vi\ ;    /\ 
vC   C-   vA Vr      I '5      2      0 

1 
c •*• 

»5   C3   V0 

V5       V0 

/\ 
N V N5 0 

:/! v,  c,  vo 
/\ 

263 

•••»•»»••^»••F"^?^^!^" —7'..   "    - 



"•'""••— nm .—••••••   '•   —• ...   •,....»•»11.».   -.»..im,, i     iii.ii       ii, i iii.ui,   i   i..     .... mmmm*m'" •• 

N7    C5    V2 N7        ^ 
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1 

C5 

2 

v\ > A 
v3   c6   N„ v3      Hk 

hy\\ -   A 
N7    C7    V2 N7        V2 

1 1 

Vx ; 

C

8 

\  h  vo v4     vo 

y!\ ; A 
N5    C9    V0 N5       % 

s* /•\ ; /\ 
V5    Cl    V0 V5        V0 

».yi\ ; /\ 
V3    D2    V0 V3       V0 

D2 

°3 

y;\ ; A' 
<    D3   V0 N1       % 

/l\ ; /\ 
M7   "<.   V0 N7       V0 
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;/i\ ! /\ 
Vl    D6   Nl 

V,         N, 

1                                                   0 
hy\\   •> 

V1    D7   Vl 

A 
V1        Vl 

°77'\ : 
"7   D8   V0 

1 

A 
N7       V0 

;            °8yi\ ; 

<   D9    V0 

1 

/\ 

;                sy!\   J 

i                                        V3   D1    V0 A V3         0 

\    E2    V0 

1 

N6       V0 

hy\\  - 
K h vo A \     vo 

;           E3y\ ; 
V
,    E*   vo 

A 

• • i     in in  iim run im m „.^Ht^jat^tttMä^tm^atäatotäiättoma 



 — "—'-— '" 1—I—*•*•'**""'       "    •*•"•      . p •-  - •... .    . . — . • .1—... . —— I.,.I mi,in • i 

V/i\ - 
V0   E5   "7 
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0 

/\ 
"o      H7 

sy\ • 
\ h Hs 

0 

/\ 
V0        N5 

V0   E7   N7 

0 

A 
V0        N7 

•r/!\ • 
vl    E8   V0 

0 

A vl          0 

hy\   - 
"i S vo 

1 

/\ 

sy!\   ! i 

«6       V0 

'•y»\ ! 
«5    F2    V0 

0 

/\ 
»k     vo 

'•y'\ ! 
N

7   F3   V0 

0 

A. N7       V0 

V/l\       ! 

"o    F4    Vl 

0 

/\ 

—^-^- -^.-~—.^.  :,     
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/ 

F^/l\ J /\ 
V0    F5    V V0        Hk 

r*v\ ; A 
V0    F6    N6 V0        N6 

F6V'\ ; A 
V0   F7   N4 %       \ 

o ov 
F?7i\  ' /\ 

V0    F8   Vl V0       V. 

N7   F9   V0 N7       V0 

F
9yi\   • 

N5    Fl    V0 

0 

/\ 
N5          0 

G<y!\  ; 

[                                                      Nl     G2    V1 

1 

1                  G2Vi\   ; 
V
l    G3   V1 

0 

/\ 

V/IX        J A 
V N W0        "7 
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syi\   •• 
%   S5   "l 

A 
V'          N 

sy!\  •• 
\ h v3 

1 

/\ 
V0       v3 

66*/|\       •• 

U0   °7   "l 

1 

vo       N. 

v0   G8   N7 

1 

\       N7 

\                  \ S vi 

0 

A v1     vl 

syi\  : 

i           »i «i vi 

1 

/\ 
H           V 

1 -.y!\  ; 

<   H2   V3 

1 

H27'\ ; y\ 
V2    H3    N7 "i        N7 

v/i\ - 
vo   S  \ vb     v. 
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<yi\ ;   /\ 
V0   H5   N5 V0       N5 

yi\ ; 
V
0   H6   V5 v0       v5 

y.i\ :   /\ 
Vi    H„    Nc v' h 
'0   H7   N5 V0       N5 

v/l\ ; 
v
0   H8   \ 

H8 yi 
V2    H9    N7 

sy\\  > 
<    H,    03 Hk        V3 

0 0 

••yi\ ;  A 

V0      v* 

<        N7 

.1. 

N7    '2   V5 

N5     l3    N4 

V0    S   N5 

7       '5 

1 

N5       \ 

V0       N5 
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*7 Mt 

'$* 
/ 

i      '6v vo 

,77 vo 

1         ,87 
N5 

• '        '97 
:                                          N7 

1 N°" 

;                            II, • 

N2* 

' 

ks 

\ ; 

5    V2 

6    V2 

7    V2 

8   N5 

9   \ 

1    V5 

V0        V2 

V0 2 

V0        V2 

V0        N5 

1 

s  \ 
0 

\.; /\ 
K7        V 

M^fbWlft <i   '" 
  --      - 
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M3  * I 

Ni   * I 

He* I 

N,- I 

N?-        I 

N8-        I 

M9 *        I 
N, 8 

Vft*      I ;       i 

" 11 III« IJII • . I » ..... 

 •—    • •• * -  :,"'~     I     •- ----- -• .. ,-.^-,.- --  -f. I - •      -^-—— 



"""""   •''•'•'-^l W.MJ.I. lll.).JUU,.;i.l«Wll.lll| uuu^,,», ...  ., .| nim,,,!„„,. 

272 

APPENDIX F 

DISCRIMINATION GRAMMARS FOR PATTERN D22, D3*», D38, and D68 

F.l. Grammar for Synthesis and Discrimination of Water Pattern (D38) 

G6 " tV6,r,P6,S6) over <I, r> 

V6=S6^{N0,1 9'Vl 5UJZ 

H " {A0,1'B1,2 7,C1,2 6,D1,2 7,E1,2 5,F1,2 5,G1,2,3 

Hl,2,3''rJl} 

A,  -     /l\ ,  0.1     ;       /|\ ,      0    ; /|\ 
N0   Ai   No N0    Bl     N0 

,   0.1      ; 

»0    B2    N0 

0 0 0 
/l\ . 0.1     ; /|\ ,  0.1     ; /|\ , 0.1     ; 

N0    Cl    N0 N0    °1    N0 N0    El    No 

0 0 0 
/l\ .0.1     ; M ,0.1     ; /|\ ,0.1     ; 

N0    Fl    N0 N0   Gl    M0 N0    Hi    No 

0 0 0 
/l\ .0.1    ;      /l\ .0   s       /|\ ,     0   ; 

N0    'l    N0 N0    Jl    H0 N0    C6    N0 

0 0 
/l\ ,       0     ; l\ ,0.1 

Mo   °7  No No    No 

miiinfci   u   iri«n •i^-***.—.... 
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V0    B7    V0 

/IN 
V0    B6    V0 

vo   S   Vo 

l\ 
vo  ck  vo 

/l\ 
V0    D3    V0 

/l\ 
V0    D4    V0 

V0    °5   V0 

/l\ 
\ h vo 

/l\ 
%   FA    V0 

/l\ 
V0   G3   % 

/l\ 
V0    H3    % 

/l\ 
vo  Ao  vo 

/l\ 
»k   Bi   No 

/' \ 
Ni,    B3    % 

/I 
Hk  Ao   No 

/ 

\   C6    N0 %      N0 

/l\      *»>*   i     /l\ 
N7    B2    % "7    »%    N0 

0.3 0.2 

N7    A0    N0 

N7    D7    N0 

0 

/\ 

N7      N0 

0.1 

HI  Hill  I        II, 
•»-••. . - IM^nAirtli^^fii nfrf 'irtTT)' 
-  I   II Vl*Wl1 
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/l\ .      0    ;      /|\ ,      0    ;       /|\ .      0    ; 
Vl    B3    N0 Vl    Bl    N0 V,    B5    N0 

0 0 
/l\ .      0    ;      /|\ , 

V1    Cl    No V.    E5    N0 

0   ;     /\ »    o 

vi    No 

B4-/l\ • ••*    »     /l\ . 0.2    ;      /|\        .0.15; 
V0    B*    N0                        V0    B2    N0 V0    B6    N0 

0 0 0 
/|\ , 0.15 ;       /l\ ,      0     ;       /\ , 0.1     ; 

vo  Di   No vo   F5  No vo    No 

1 1 I 

B5+    /|\ ,      0    ;       /|\ ,      0     ;      /|\ ,      0     ; 

V0    B5    % V0    B3    N0 V0    B7    N0 

/l\ .      0    ;      /|\ .      0    ;      /\ .0 

V0    C2    N0 V0    G3    N0 V0      N0 

1 1 1 

V0    B6    N, V0    Bh    H, V0    A0    N, 

/|\ ,0.2    ;       /I \ ,      0    ;      /  \ 

V0    °2    Nl V0    H3    Nl V0      Nl 

, 0.1    ; 
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1 1 1 
B    +    /|\        ,      0    ;       /|\ .      0    ;       /| \        .      0    ; 

*0    B7    H5                         V0    B5    N5 V0    A0    N, 

1 1 

/l\ •      °    I       A •      ° 
V0   C3   N5 V0     N5       . 

:, -   /|\        ,0A    ;      /|\        ,0.2    ;       /|\ 
N6    C,     N0 N6    A,     N0 N6    C2    HQ 

, 0.3    ; 

0 0 
.     0    ;      / \ ,0.1 

N6   B3   N0 N6     N0 

/|\ ,0.4    ;       /|\        ,0.2    ;      /|\ ,0.15 ; 

V2    C2    N0 V2    C,    N0 V2    C3    N0 

I 1 
/|\ ,0.15;      /\ ,0.1 

V2    El    N0 V2     N0 

1 1 1 

. 0.3   ;       /|\        . 0.3    ; C3-.   /|\       ,0.4   ;      /|\ 
V2 C3 N5 V2 C2 N5 V2 E2 N0 

1 1 

/ * 0.1   s     /l\      .    ° 
2  N5 V2 B7 N5 

—IHtttET"" • "*'—*—*" V-—^^^T" 
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'* - /l\ 
\    CA   V0 

"k   E3   V0 
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1 I 
;      /l\       .     0   ;      /l\       . 

v4   C5   V0 

1 1 

l\       *     •   I     /\ 
\    vo 

h Ao 
0    ; 

V    /|\        .     0    ;      /l\       . 
\   C5   V0 

o o 
0    ;      /l\       .     0    ; 

N,   cc   vft *k   ck  v0 nk  c6  v0 

o o ° 
.     0   ;     /|\       .     0   ;     /\ .     0    ; /IN 

"4    h   V0 M*    62    V0 Hk      V0 

C6^     /|\        .      0    ;      /\\       ,      0    ;       /|\       ,      0    ; 
Hk    C6    N7 Mk    C5    N7 NA    E5    N/ 

/l\ •      o    »     /\ 
Nl|    A,    N7 Mj,      N7 

,      0 

M5    *,     N0 N5    A,     N0 N5    D2    HQ 

/l\ .'••»!      /\ 
N5    Bi,    N0 N5      % 

, 0.1 
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/|\ .O.i,    ;      /|\        ,0.1     ;      /|\ .0.2    ; 

M5    D2    N, N5    D,    N, N5    D3    M, 

N5    F,    N, 

1 

/|\ ,0.1     ;      /|\ .0.1     ;     /\ , 0.1 

N5    B2    N, N5      N, 

I.I < 
D3-   /l\       . 0.*   ;    /l\      . 0.15 ;     /l\      .    0   ; 

N5    D3    V2 N5    D2    V2 N5    DA    V, 

• • 

/|\        ,0.15 ;      /l\       .0.2    ;     / \ 

N5   F2   V2 

. 0.1 

N5   A0   V2 N5      V2 

/|\ .      0    ;       /|\ .      0    ;       /|\ .      0    ; 

N7    \    % N7    D3    V0 N7   A0    V0 

1 1 
/l\ ,      0    ;      /\ ,0 

N7    F3   % N7     V0 

I I      '• ' 
/|\ .      0    ;       /|\ .      0    ;      /|\ ,      0    ; 

N7    ">5    V0 N7    D6    V0 N?    F3    V0 

/l\ .    0   ;    /\ 
N7   A0   V0 N7     V0 

mi BSSS ItLM =E=^=3S 
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0 

*l+    /l\        •      0    8       /l\ •      °    •      /'\        •      °    J 

N
7   °6   VI 

N7   D5   V. 
M7   D7   V, 

o o o 

/|\ .      0    ;      /|\        .      0    ;     /\ .      0 

N7    fk    V, N7    H2    V, N7     V, 

o o o 

N,    D,    », M7    D6    Nt N7    A,    N^ 
D7-     /l\ .      0    I        /I 

i7   D
7   N* M7   D6   "* 

o o 

/i\ •.• i  /A     • ° 
M7   F5   N* 

N7      Hk 

E1 
Mi   Ei   No 

, 0.1»    ; 

N,     E2    N0 

, 0.1 

A 
Nl    C2    N0 

, 0.15 ; 

1 

/\ 
Mi    No 

, 0.1 

, 0.2    ; 

Nl    Al    N0 

1 I 
•    /|\ ,0.*    ;       /|\        .0.15;       /l\ 

N,     E,    Nc N,     E,    N,. N,     E,     N$ 

, 0.1 

'I    ~2      5 

1 

i     3     5 

1 

/|\        ,0.15;      /l\        .0.1    ;     /\ , 0.1 

N,    C3    N0 N,    G,    N0 
N1      N0 

ainfcin n 1. '-•- 
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V 
1 ' 

/l\       .o-1»   i     /l\       »°-3   s     /I\       »°-2   ; 

M,    E
3   Vo Nl    E2    V0 N1    G2   V0 

Ni    No 

, 0.1 

/l\        .      0    ;       /|\ .      0    ;      /|\ ,      0    ; 
V2    EA    V0 V2    E5   % 

V2    A0    V0 

/l\        .     0    ;     /\ 
V2    C5    V0 V2      V0 

,     o 

E5* 
/l\        i      0    ;      /|\ .      0    ;      /|\        . 

V2    E5    N7 V2    E4    N7 V2    G3    N7 

0    ; 

0 0 0 
/l\        .      0    ;      /|\ ,      0    ;      /\ ,      0 

v2   C6   N7 V2   B3   N7 V2     N7 

• » 

*   /l\        . 0.4    ;      /|\        , 0.15 ;       /|\       , 

N0    F,    N, N0    F2    N, N0    A,    N, 

0.2 ; 

A 1 
,0.15;     /\ 

N0    °2    Nl Mo     Ml 

, o.i 

:- rT?* -•-•"-' —'~~~ w - -^ifitfn a 
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1 

•V /|\       .0.*    ;      /|\        .0.15 ;      /l\        . 

N0    F2    V2 N0    F3    V2 N0    F,    V2 

0.1 ; 

/|\        ,0.15;      /|\        .0.1    ;     /\ 

N0    03    V2 N0    H.    V2 N0      V2 

, 0.1 

V /|\        , 0.4    ;      /|\        , 0.3   ;      /l\       . 
N0    F3   V0 

N0    F2    V0 
No   *h  vo 

0    ; 

1 1 1 
/|\ ,0.2    ;       /|\ ,      0    ;      /\ ,0.1 

M0    H2    V0 N0    D5   V0 N0      V0 

*k+    /' 

o o o 

.      0    ;       /l\ .      0    ;       /|\ .      0    ; 

v0  rk  
v, vo   F5  vi vo  Ao  vi 

0 o 
/l\        .     0    ;      /\ 

V0    D6   V1 V0      Vl 

o o o 

-    /I\ ,      0    ;       /l\ ,      0    ;       /|\        , 
V0    F5    \ V0    fk    Hk V0    D7   Hk 

0    ; 

0 0 0 
0    ;      /\ ,      0 /l\        .      0    ;      /|\ . 

V0    H3    Hk V0    fk     v V0      \ 

oiirtfliiiMMiiHM *****2*i«*±—- ^ "^^TtMit ii-dMi i 
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0 0 0 

6, *   /l\       . O.i.   ;     /|\ . 0.15 ;      /|\ 

%   G,    N
5                      N0   G2   N5 N0    E2   N5 

. 0.15 ; 

0 0 

/|\        . 0.2    ;      /\ .0.1 

N0   Al    N5 N0      N5 

-    /|\ , 0.4    ;       /|\ , 0.1     ;       /|\ , 0.3    ; 

N0    G2   V0 N0    G1    V0 N0    E3    V0 

/l\ •       I     I       /l\ '      °    «      /\ 

N0    'l    V0 N0    C5    V0 N0      V0 

, 0.1 

/l\ . 0 I  /l\   . ° •   /l\   ' °' 
V0   G3   N7 V0   A0   N7 V0   B5   N7 

/|\ ,     0   ;      /\ ,0 

V0   E5   N7 V0     N7 

/|\       , 0.4   ;     /l\       , 0.15 ;     /l\ 

"o   H1    N6 N0   H2   N6 N0   Al    N6 

, 0.2    ; 

/l\      .0-15;    /\ 
N0   F2   N6 N0     N6 

, 0.1 

—-TrtriMMffi- ^       - '  '• lH   I .1 HM^HY •    - 
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I  I *   /|\        . 0.4    ;      /l\       . 0.1    ;      /|\ 

N0    "2    V1 N0    Hl    V0 N0    F3    V0 

, 0.3   ; 

0 0 0 

/l\        .0.1    ;      /|\        ,     0    ;      /\ ,0.1 

0   J,    V, N0   D6   V0 N0     V0 

1 

/l\        •     °    I      /l\        '     °    ;      /'\ 
V0    H3    \ V0    A0    \ V0    F5    V* 

.      0    ; 

/i\    •  • i  A 
V0   B6   \ V0     \ 

,      0 

*    /|\ . 0.4    ;      /|\ , 0.2    ;      /|\ 

N0    I,    »7 
N0    Al    V N0    G2    N7 

, 0.3    ; 

A 
N0     M7 

, 0.1 

/l\ .0.4;       /l\ .0.2;       /|\ 
N0    J,     N4 N0    A,    Hk N0    H2    M% 

, 0.3      ; 

A 
N0      \ 

. o.i 

•MUUUU liJMftir - ._..=« 
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N2- 

N<-    I 

0.9       ;       0 0.1 

0.9       ;        1 0.1 

<•*    I 

V0* 0.9 0.1 

0 

J 
V, 

^.M-l...>-.->t*^^-«^JM-, 
».• .    .-.-•.JUS 



"8 
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284 

"3*   I \* 
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F.2. Discrimination Grammar for Pattern D22 

G22 "  (V22'r'P22,S22)  OVer <Z»  r> 

V22-S22U{N0J 9'Vl 5>UZ 

,.B, .»C .D, .E, :.F, 22 " A0,l,...,9*   1,2 8»WI,2 7*  1,2 6'cl,2,...,6'   1,2,...,6' 

Gl,2 6,HI,2,...,6,,1,2,3- 

P22: 

V2    Al    V0 V2    Bl    V0 V2    C.    V0 

/A 
V2    A0    V0 

1 

/\ 

«2*    /l\ 
"5   A2    Vo V5   Bl    »O 

l\ 
V      B      V V5      2      0 

vc  c,   vft 5      2      0 V5   A0   V0 

1 

/\ 
V       v v5      0 

S*    /l\ 
V      A      V 

3     3     0 
V      B      V v3      2      0 »3   B3   W0 

V3   Cl    V0 

/i\    '   A 
V3   C3   V0 

V3       V0 

mn itrttMiiriMriiiifiin IY i  7* 



• ••»•imPH^mm   "W—WP^^WM.jui  iL.,..— „pi      M.!,wyWW,.ii,^.w,  t.ll.l       M.PI        •!»•!•    ••HI|ii1l!WH^lMim»Ulll    Win    H^Hi  M »IPWIWMIII  .   .    , -.„ 

V1    \   vo 
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A 
Vl    B3   V0 

v.   \  vo 

V C       V VI C2      0 
V,     C*    % 

/\ 
vi      vo 

V      A      V V0    *5       0 
V0   \   vo V0    B5    V0 

"O    C3    V0 
V0   C5   V0 

A v        v vo       0 

Vrt    A.    V. 0      6      1 V0   65   Vl V«    B*    vi 0      6      1 

V0   Ck   Vl 
v„   c,   V, 0      6      1 

/\ 

"o   A7   V3 
B V ./!\. 

V0   h ,V3 V0   87   V3 

• • •••••(•• BJI       I        •..'   •  ..«J-J U^yHKtt 



-^^..^•^^^fupWB,^,!,, u. t aw„ ., i»^.,,^.,»mj.iww.«ii.. |MWWH.|^^lP^WPi«'i«.M'M. •-• »ii i • ••PP^jHMPpwpgPW—PfWWW^PIWPP 1 ••"•••••I 

V0   c5   V3 

287 

1 

V0   C7   V3 

I 

/\ 
v0      V3 

v\ 
v0   A8   y5 V0     »7   V5 

Vrt    Bft    V- 0      8      5 

<   C6   V5 

s - /!\ 
V0    S    V2 

I 

/\ 
V V V0       v5 

V0    B8    V2 <   C7    V2 

V0    A0    V2 

A 
V0        V2 

N5   Cl    V0 
N5   Al   "o N5   A2   Vo 

N5    *0    V0 

A 
N5       V0 

Vi   vo rM   C2   vo <   A2    V0 

•••;"".'wi!*.'-n.^.' ••• a<a—^^u^^a^M^., 
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\   A3   V0 

/\ 
v*     vo 

,JV'\ 
»7    C2    V0 »7   C3   V0 »7   A3   V0 

»7   \   V0 
/\ 

M7       V0 

•* * /'\ 
v.    C3   V0 

V!    Ck    V0 /IN Vl   \   vo 

vl   A5   V0 A Vl 0 

V0   C5   V1 
/1\ 

V0   A5    V1 

V0   A6   V1 

/\ 
vo     vi 

B, - **   /l\ 
V0   C5   N7 

v«   C,   N- 0      6      7 
,/!\.   ! 

V«    A,    N, 0      6      7 

»0   A7   "7 

A 
V N v0       N7 

a=s <~**^*w<nm^m?~r? immmmaammmäimm raw; 
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v/!\    -    /!\    •   A •• 
*0   h\ V0   C7   *- V0   *7   *<- 

I 

/l\ ' /   \ 
»0   A8   ** *0       \ 

B8"* 

»,   C7   M5 *0   *8   »5 V0   *9   N5 

A    •• •   A , 
»0   A0   N5 V0      NS 

c,v\ •     /'\ '   /'\ 
«i    ', \ «|    '1*0 "•    »I    *o 

A 'A '   A 
«,    *3    »0 "l    »1    *0 "l    B2    *0 

I 

C2* 

SHU Hi   H2    V0 N*    A2    V0 

A    s    A   :   A ; 

9immmm?i,..m* »..Ji KJg^j^^H^ 
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\   B3   V0 
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A Ni|       vo 

c, * 

"7   C3   Vo «7   Vvl 
A\   ' 

N7   E1   V0 

»7   A3 \ 
N       A       V N7    M5       0 

.A.    ' 
N7   B3   V0 

• 

H7   B*   V0 

0 v\ 

v, v», 

V1    B5   Vl 

/\ 
N V N7 0 

o 

/'\ 
»i \ vi 

A 
V1       Vl 

V,    Fl    V1 

/i\ 

c' * /i\ 
v0   C5   N7 

V0   A5   "7 

vO   E2   "7 

»0*7   N7 

A 
»0   V N7 

V0   »5   "7 

 •• • -Tv     .•...».« 
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0 

/l\ 
v0   »6   «, 

0 

A 
»0      M7 

• 

»0 ct "* 
A 

V0   D2   N* 

1     Ä 
v0   Hl    \ 

V0   A6   \ 
A 

v0   A8   Hh 
•   A 

V0    B*    "<. 

A 
V0   B7   N* 

1 

/\ 
V0       M* 

c7 * A 
V0   C7   M1 

A 
V0    «1    Ni 

•   A 
V0   A7   Nl 

A 
v0   A9   Nl 

1 

/l\ 
%   B7   Nl 

1 

V0    B8   Nl 

1 

/\ 
vo      Ml 

1 

N0    D3   V0 
A 

N0    C2    V0 

!   A 
°3 *  /!\ 

Mo   D*  vo 
A 

N0    C2    V0 

•   A 
"o     vo 

v^Aif !":••:,A.-,•*,"" i himtmmtmm*mm*Ma*Mmaim*Mmmmmamm*i**L^- ' " / 
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1 lx 

N0    C2    V0 "o     vo • 

°2; A 
V0    °5    N0 V0   C6   N0 0          0 

1 1 1 

«0   °6   N0 V0    C6    N0 0          0 

°< * A 
»0    C6    N0 

;    A 
vo     No 

£,*A 
"o   E3   V0 

0 

A\ 
N0    C3    V0 

•   A 
No     vo 

<3 - A 
"o  E«  vo 

0 

/l\ 
N0   C3   V0 

.-    A 
No     vo 

E* * A 
N0    C3    % 

0 

;    /\ 

Ej * A 
V0    «5    "0 

0 

/l\ 
V0    C5    N0 

0 

!   /\ 

h - A 
V0    E6    N0 

0 

/'\ 
V0    C5    "0 

0 

;    /\ 
0          0 

MMÜÜfiÜiSüiMi^Äü 



' • 

! 
r 
* 
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f!        E<V°\ 
V0   C5   N0 

• 
1 

0 

/\ 

l;         Fi * A 
|!                                         N0   F3   Vl 

• » 
0 0 

A 
No     vi 

I)                                          r               ° 

I                                     No   %   vi 

* 
1 

0 

/'\ 
»0    C*    V1 

A 
0 

1           h * /'\ 
"o  S  vi 

• 
1 

0 

/\ 
N0        "l 

F* * A 
V,    F5   »0 

• $ 

• 

0 

A 
V,    Ck   No 

0 

/\ 
V1       No 

F5VI\ 
V1    F6   N0 

• » 
0 A 

V1       No 

F'V'\ 
:                                 vi   c*  No 

o 

|                                             N0   «3   M7 

• 

• i 

A 
V1       No     • 

0 

/l\ 
N0    C5    N7 

0 

/\ 
N0       N7 

°3 * A 
H0   S   N7 

• 
0 

/'\ 
"o   c5   "7 

0 

A 
N0       N7 

• 

BmBEa^^BaaaHBMMMMÜMHMMMMlflMMlSfcmwMM 
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N0 C5 N7 
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0 

/\ 
N0  N7 

N7 G5 N0 
N7 C3 N0 A N7  N0 

<5 * /l\ 
N7 G6 N0 

N7 C3 N0 

N7 C3 N0 

0 

A 
N7  N0 

A 
»7   "o 

». * /l\ 
N0 H3 Hk N0 C6 Nl» A 

'3* /I 
N0 Hk   Hh % H "* 

A 

S * /l\ 
N0 C6 Hk 

A 
N0   \ 

H2- 

Nl» H5 N0 "i, C2 N0 
A 

S * /l\ 
Ni| H6 M0 *k    C2 N0 A Ni»  No 

---•^. -^-rr..-- .A..., "*~  .. 
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«6 * /|\ 
Hk   C2    N0 
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A 
<       N0 

N0    '2    N0 M0   Cl   Mo 
N0   C7    N0 

M0       N0 

I- + /!V * 
"o   '3   No 

.A ,/I\. ' 
Mi    C,  'N0 M0    C7    N0 

A 
M0        N0 

I« * 

Mo  ci   No N0   C7    N0 

/\ 

"o     "o 

»0 Ao vo 
/'\ 

V«   A,    VA 0      1      0 
V0   »I   vo 

/1\ V0   *9     0 
V0   »8   V0 A 

^^^"^ ii       I III A TW, 
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N 

1 

I-    I '> 

N2 + 

N3 

0 

N6-    | 

H. 

V1* 

No-    I 
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»5-    I 
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••• ...-mr ÜMMMÜfiiMjil 
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F.3. Discrimination Grammar for Pattern 03*» 

G
3/, - (V32,'r'P3VS3i») over <Z' r> 

V3* 
- su ZUN0,1....,6- 

hk -{A, ft»"n i ,. .. ,o      U, 1 , . . . , 

V 
Al- 

N,    A,     N, 

0 

S* 
N2    A3    N2 

V 
0 

/l\ 
N3   %   N3 

i»^n   l o»^n   1 Q»^n   I Q'^r 9J 

/l\ 
N,    A2    N, 

0 

A 
N2      M2 

0 

A 
M2      N3 

1 

/\ 
N,      M, 

\   A5   Hk 

0 

/\ 

A\ 
N0   A5   N0 

0 

/l\ 
Hk   A6   N4 

0 0 

/\     i    /\ 
No     No S    % 

• /l\ 
M3   A6   N3 

0 

A 
"3     "3 

H' /l\ 
N2    Ag    N2 

0 

/\ 

"2      "2 



..H».,.!!,,.,,!.!.!!.!.   II    .in   »IUI^U.IP.   1.      Ulll.lglJ IIJ.IIM I I  Will     .III.»     ..„„.».,, Il|   . | ,.„l|. I. ••HIHlHI.IJ.UII.llWllll.m.llDIDIimUJ.    I.I.I        .11   ... II    imp»    .1 

2#9 

V'V 
N,     A,     H, 

A 
Ni       Nl 

B1^ 

0 ' • A A 
/l\  ;    /l\  ;    /l\  ;     /\     ;      /\ 

N0    Bl     N5        N0B1     Nl       N0    B2    N2        N0        N5 N0        N2 

B2" 

Nl    B3   N3 
N,      N3 

B, -»• 3   /l\ 
N2    B^    N^ 

/\ 
N2      Hk 

S*/»\ 
»3   B5   K0 

/\ 
N3     N0 

», h Mo 
/\ 

*k     N0 

B, + 
/'\ 

N0    B6   N0 

oo ov 

/l\ - A •  /\ 
M*   B7   N0 

No     No %     No 

B-, •*• 
7   /'\ 

N3   B8   N0 

»2    89    \ 

U 

/\ 
N3     % 

A 
N2      N4 

—Mi——ätniiii in i  SS 



*•""' " ""• *• "" •""" "•' '•     ' •"• "•••' 

Nl B0 N3 

K0 Bt N2 

N0 Cl M6 

A 
N0  «6 

v\ 
N0 C3 \ 

»1 c« No 

C*V\ 
N2 C5 N0 

N3 C6 NC 

K7 h Mo 

0 

/\ 

A 
M0        N2 

0 

/'\ 
N0    C,     N5 

• 
f 

A 
N.        N 

0          8 

N0        Hk 

0 

N1       No 

0 

/\ 
N2        N0 

0 

/\ 
N3       N0 

0 

/l\ ' 
«3   C7   N0 N7       N0 

0 

/'\ 
N0 C2 N8 

A 
N3  N0 

•--— :;-"- •'•^^^^-'^^•^^'•- u 
•aw, 7 -1 
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:7*/l\ 
N«    Ca    N, 
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0 

/\ 
N2      N0 

C8V'\ 
N,    C9   N0 

A 
Nl     No 

wi\ 
No  co  N* N0      N<. 

co* 
N0   Cl    N8 

/\ 
0        8 

7"\ 
»0   »1    N7 

0 

/'\ 
N0    Dl    N6 

N0    D2    N9 

N0        N7 

w 

A 
"o      »9 

"Z* 

»0   D3   "l 

°3*/!\ 
"0    »t    % 

U 

/\ 

1 

/\ 
Ho     "o 

«I   °5   "o 

 !TT^^"^"'^^^w***^^^^^*T5«r 

0 

/     Ho 



N9   D6   N0 

°< * /1\ 
N7   °6    N0 

0 

/\ 
»7      No 

Nl    °8   M0 

"o  »s  No 

s-/i\ 
N0    °0    N! 

•b*/l\ 
N0   Bl    N9 

E'~/'\ N/ E, N. 

E2* 

'0 w1  7 

0 

/!> 
"o E3 N2 
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0 

A 
N9   N0 

0 

/'\ 
N6 D6 N0 

0 

/\ 
»9  »0 

0 

A 

%  No 

No  Ni 

0 

A 
»0  »9 

U 

N£ D7 N0 

0 0 0 

/'V A! /\ /  r   u     w     MM     N 
N0 E2 N3 

/\ 
N0   N2 

N0   N7  N0   N3 

mtttmtmmwmntnii 
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* 

E3 7i\ 
No  h  "i 

• > 
0 

A 
No     Ni 

*k    E5   N0 

• 
9 

1 

A 
S     No 

E5 *  /\\ 
N8   h   No 
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F.4. Discrimination Grammar for Pattern P68 

G68 " (V68'r'P68'S68) over <Z» r> 
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APPENDIX G 

ALGORITHMS FOR THE COMPUTATION OF THE DISTANCE BETWEEN 
TWO STRINGS, AND THE MINIMUM SPANNING TREE 

OF A SET OF PATTERNS 

G.I. The Distance Between Two Strings 

Algorithm G.I 

Input: 

Output: 

Method: 

Step 1. 

Step 2. 

•V y-brb2- Two strings x - a,,a_, 

d(x,y) 

D(0,0) - 0 

DO I - 1, n 
D(l,0) - D(l-1,0) + 1 
DO J - I, m 
D(0,j) - D(OJ) + 1 

Step 3. DO I - 1, n 
DO J - 1, m 
e, - D(I-IJ-I) + I 

e2 - D(l-lj) + I 

e3 - D(IJ-l) + 1 

0(1,j) « mln(e1,«2,e3) 

Step k.    d(x,y) • D(n,m), exit 

G.2. The Minimum Spanning Tree 

Algorithm G.2 

Input:  X « {x.,x.,...,x}, a set of sentences 

Output: The minimum spanning tree of X 

m 

if af - by  or e,- D(i-I,J-I) If a, 1« b. 

JBJM ünüiir 
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Method; 

Step 1. 

Step 2. 

Step 3« 

Step k. 

Step 5. 

Step 6. 

Assume that there are n nodes 

Compute d(xj,x.) for all I, J. Let d(x(,x.) be the 

length of the arc connected node I and j, and denote 
as d(l,J). 

List all arc (l,j) In the order of Increasing d(I,j) 

Put the first arc (p,q) on the list Into list A 

Put the next arc on the list Into A, except If a circuit 
can be found with the arcs already In A. 

If all nodes are connected, stop, otherwise go to Step 5. 

«b> i. -i..... .  "**- 
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