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ABSTRACT 

A descriptive classifier has been developed for silhouetted 

pictorial patterns. It has the capability of specific recognition with 

inherently high discriminatory power between an essentially unlimited 

number of discrete pattern classes. The user is allowed substantial 

latitude in determining what pictorial instances of objects should be 

admitted to the same pattern category and he can adjust the pattern 

class constraints in an iterative fashion. He can also generate and 

display random instances of a pictorial pattern class until, according 

to his subjective evaluation, the pattern class defined within the 

machine is the same as that envisioned by him. 

Pictorial classification is performed using an octal encoding 

scheme which generates sequential terms of octal numbers. These 

contain in coded form the figure symmetry, the sequential list of 

dissection rules applied to divide the figure into subfigures, and 

elementary subfigure properties which relate to the original parent 

figure. The generated figure classification number defines a unique 

point within a classification space having a single assigned pattern 

class name. The pattern class (by user selection) can be made to 

include many or few unique figure classification numbers. 

The system's performance is illustrated by the classification of 

a series of real pictorial silhouettes. Classification is relatively 

insensitive to changes in object obliquity. 

ix 



CHAPTER 1 

INTRODUCTION 

Pattern recognition is constantly performed by people, both 

on an unconscious and a conscious level. The ease with which it is 

accomplished is illustrated by the fact that even in a dream, the 

recognition of objects presents no problem. Pattern recognition, in 

its simplest form, may be considered as the basis of a specific response 

to one of a set of alternate stimuli. Consider the mathematician or 

scientist who detects a relationship between a set of facts defining a 

common structure or "pattern." He recognizes that this pattern has a 

structure which can be represented by a mathematical model. This 

analogy permits a simplification of the problem to a form which 

preserves the essence of the situation (a reduction of dimensionality) 

making it possible to describe and deal with the problem in a more 

convenient fashion. 

However, within the process of pattern recognition, classifi

cation and reduction of dimensionality, there is a strong element of 

personal subjectivity. In any categorization by a human observer the 

structure of language can subtly influence the partitioning of cate

gories . 

The renowned semanticist Hayakawa (1973), in one of his recent 

syndicated articles, gave an example which illustrates the essence of 

1 
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the pattern recognition problem and demonstrates the complexity of the 

considerations entering into a classification decision. There were 

three baseball umpires. The first justified his decision by the rule: 

"I call them as they are." Hayakawa considers this man to be a naive 

realist. The second umpire followed the rule: "I call them as I see 

them." He may be classed as a relativist who fails to see the subjec

tive elements present in his judgement. The third umpire went by the 

rule: "They ain't nothing until I calls them." Hayakawa considers him 

a semanticist. He understands that the realities of the world around 

us depend directly upon the language or the classification symbols we 

use to describe them. 

To deal effectively with (and communicate about) objects, 

events, developments, or complex situations, we assign "names" to them. 

These names become labels for entire sets of objects, events, etc, 

which we consider intuitively to be similar; they possess the same set 

of features or relationships between such features, the same structure, 

or the same design. Thus a common set of properties is also called a 

"pattern." Recognition of the underlying pattern allows human observers 

to assign it to a category with a certain class name. 

The true complexity of the process generally remains hidden, 

especially when we are dealing with "good patterns." "Good patterns" 

have sets of features which allow assignment to an object class immedi

ately upon visual inspection. Objects representing "good patterns" can 

be distinguished by completely untrained observers after only one or 

two instances or examples of each pattern class have been presented as 
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a training set. The trainee then is capable of recognizing objects 

from these pattern classes as belonging to the given class with high 

likelihood. 

While categorization in such instances is a trivial task, at 

the other extreme we face the fundamental question of whether there is 

a basis for the placement of objects into two different object classes. 

In instances where the underlying structure of the pattern is ill-

defined and where there may even be considerable within pattern class 

variability, the question raised by Hayakawa is pertinent. He asserted 

that the need for communication, which makes us assign class labels -to 

objects, forces an artificial discreteness on the real world imposed 

solely by the structure of our language. Assignment of different class 

labels certainly is a function of the concept of the "just noticeable 

difference," well known in sensory physiology, but here extended into 

the multidimensional realm of features occurring in the real world 

objects surrounding us. Still, all categorization at this level is 

somewhat arbitrary, and depends upon an individual's discriminatory 

acumen and his highly subjective judgment. 

The sustained and substantial interest in pattern recognition 

has not been prompted by a sudden fascination with human perceptive 

capabilities. Rather, it is a natural consequence of the information 

explosion characteristic of today's technological world. Information 

is acquired and accumulated at an ever increasing rate. The vast bulk 

of this information consists of data in the form of strings of binary 

bits on mass storage media such as magnetic tape or disks. The entire 

technology of data processing is aimed at providing facilities for the 
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efficient, error free entering and selective retrieval of such data 

strings. Pattern recognition, in the form of template matching, is an 

important part of this technology. 

The machine's internal representation of the data is a digital 

signal sequence which is essentially free from noise. The information 

is presented to the machine in one-dimensional form as a temporal 

sequence of pulses. Template techniques, employed in digital logic 

circuits, work with high reliability. 

Considerable technical difficulties have been encountered in 

the development of optical character readers (O'Callighan, 1970). Here, 

one seeks a pattern recognition device which can recognize approximately 

50 pattern classes (the alphabetic character set plus the set of numer

als). For a given font or type style, very little variability within 

a pattern class is allowed. It has only been recently that optical 

character reader devices, which accept several different- fpnt types, 

have become practical (Andrews, Atrubin and Hu, 1968). When variability 

within a pattern class is increased - such as with handwritten characters 

- some reliability can be regained by extensive use of contextual infor

mation (Munson, 1968). The stochastic properties of the letter sequences 

in texts are utilized to obtain decisions between similar characters. So 

far no generally successful automatic handwritten character recognition 

device has been developed (Bernstein, 1968). 

One can thus see that even in the case of one-dimensional infor

mation, automatic recognition and interpretation has been successful 

only at a very low level compared to human cognitive capabilities. 

When it comes to pictorial information, automatic interpretation is in 
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its infancy. Even if consideration is limited to preprocessed pictorial 

patterns (i.e., objects clearly separated from extraneous "ground" pat

terns) which any human observer would regard as good patterns and would 

reliably assign to their respective classes, it is still a major diffi

culty to have an automatic device correctly classify these objects. 

Some of these difficulties lie in the description of the pattern 

class given to the decision making procedure in the machine. Two are 

enumerated here: First, the description and the data enter the machine 

in sequential form as a one-dimensional string. In this conversion, 

from the two-dimensional pictorial form to a linear signal train, 

two-dimensional context information is usually not preserved. The 

second difficulty is of a different nature. During years of experience 

a human interpreter of pictorial information forms a mental model for 

many pattern classes. These models encompass the features present 

and the constraints concerning their mutual stochastic relationships. 

The human interpreter thus possesses a clear, suzprisingly well defined, 

concept of pattern classes and their bounds but, even experts in the 

interpretation of complex pictorial patterns, are often unable to ver

balize with any completeness their mental criteria characterizing a 

given pattern class. 

The problem to be addressed is how to get a machine to classify 

good pictorial patterns correctly. It is futile to expect an automatic 

device to perform reliable classification of pictorial patterns when 

one has not verified that the machine decisions span the same measure

ment space and consider the same bounds which the qualified human 



observer employs. Yet, experience has shown that humans are but poorly 

capable of realizing what categorization criteria they actually are 

using. 

Part of the problem posed in this dissertation is to arrive at 

a solution to this open loop in the man-machine communication, thus 

establishing a congruence between human and machine classification 

spaces and bounds for the recognition and categorization of pictorial 

patterns. . 



CHAPTER 2 

STATEMENT OF THE PROBLEM 

It is of widespread interest to have an automatic device, 

analyze a set of circumstances, evaluate existing mutual dependencies, 

and then assign the encountered instance to a previously established 

category. In the case of two-dimensional pictorial information, 

applications exist in the automatic screening and categorizing of 

aerial and medical photographic records and optical images of pictorial 

information retreval systems. 

The desired information which distinguishes and identifies the 

pictorial area of interest may consist of textural properties. It may 

also lie in the specific object shape or morphology or, at an even 

higher level of complexity, it may lie in the specific arrangement of 

various objects, their occurrence in context, and their relative 

orientation. The problem then is to detect the presence of the 

pictorial subfield containing specified properties, to isolate it from 

the background of other pictorial information, and to analyze it with 

the purpose of being able to recognize and categorize it. For example, 

if it were desired to classify an airplane silhouette which is contained 

as a part of a aerial photograph, to do so would likely first require 

the separation of the pictorial subarea containing the airplane silhou

ette from other airplane silhouettes and from hangers, trees, vehicles, 

etc. 

7 
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When it is of interest to search for and categorize a very 

substantial number of different objects, the categorizer (machine) must 

have the capability of high discriminatory power and specific recog

nition with low probabilities of error. It should, on the one hand, 

allow for substantial latitude in the circumstances under which all 

objects are placed in the same pattern category. On the other hand, 

the categorizer should permit very fine discrimination and highly 

specific selection of sharply and narrowly defined objects. The 

probabilities of erroneous assignment to a pattern class should be 

under control of user defined program parameters. 

The problem set for this dissertation was to develop such a 

classification system for pictorial patterns as distinguished by shape. 

The scope of the study has purposely been limited by making the 

following assumptions about the pictorial patterns to be processed: 

1. Every figure is clearly separated from its backgound. 

2. Every figure's perimeter is modelled by segments of straight 

lines. Rounded portions of the perimeter are approximated 

by a polygon. 

3. Every figure is preoriented, sometimes arbitrarily, in a 

consistent manner. 

4. Figures are displayed as binary images, i.e., the figure is 

represented at the level 1 and the ground at level 0. 

All of these assumptions can be justified by the inclusion of prepro

cessing operations in a general pictorial pattern recognition system. 
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Extension to multiple gray levels could follow from a sequential 

shape analysis of the different gray level extractions. The present 

program version also does not utilize textural image information in 

arriving at a categorization; an extension in this respect appears to 

be straightforward. 



CHAPTER 3 

REVIEW OF THE LITERATURE 

Substantial effort has gone to the development of picture 

processing languages. The majority of these are aimed at image 

processing and not at information extraction. Image processing may 

well be an essential part of the automatic evaluation of pictorial 

information; its input, however, is pictorial information and so is its 

output. Image processing may enhance, restore, or even generate the 

desired information. Insofar as they are not concerned with information 

extraction, picture processing languages are not directly related to 

the topic of this dissertation. 

The literature on descriptive pattern classification is spread 

over a wide range of disciplines. It extends from general discussions 

of the definitions and descriptions of patterns to highly specific 

machine dependent design of compilers. In the field of artificial 

intelligence and in compiler theory, concept formation in machines has 

been treated in various contexts. Much of the basic work has been 

concerned with one-dimensional patterns, i.e.,with grammatical infer

ence, as in the research by Evans (1971) and Waterman (1970). More 

directly aimed at the description of visual patterns is the work of 

Uhr (1966), Julesz (1962) and Kolers and Eden (1968). 

10 
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Rosenfeld (1969) and Watanabe (1969) describe techniques for 

feature extraction. The notion of computational geometry in the 

analysis of local and global features was formulated by Minsky and 

Pappert (1969), and elaborated by Hodes (1970), in his studies of the 

logical complexity of geometric properties in the plane. 

Many papers have been devoted to the skeletonization of figures; 

the work of Montanari (1970) serves as an example for these efforts. One 

may view these operations (together with the numerous studies aimed at 

edge location) as belonging properly to the field of image processing and 

preprocessing, since they themselves do not classify or recognize picto.-

rial patterns. There are several bibliographies for this area of research, 

among which is Rosenfeld's literature survey (1972), the compilation by 

Wilkins and Wintz (1971), and Bulloch's (1971) research Report. 

In many of the papers mentioned in these surveys, the mapping of 

visual patterns onto a vector is the chosen method of dimensionality 

reduction: See Wong and Steppe (1969) and Parker's (1971) work. This 

applies well to sampling schemes for diffraction patterns or to the shape 

analysis using Walsh functions described by Searle (1970). 

The abundance of literature on statistical pattern classification 

is very well summarized in the following almost classical texts: Mendel 

and Fu (1970), Fu (1968), Watanabe (1969) and Kanal (1968). In 

contrast, there is a relative scarcity of work on structural pattern 

recognizers, also referred to as descriptive classifiers. These are 

aimed at a decomposition of figures into subfigures and then image 

primitives, as well as at establishing a set of rules defining the 
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spatial or logical arrangement of these elements into a hierarchic 

structure. These approaches employ the syntactical structural model of 

formal languages, with pictures being considered as an extension of 

language into two dimensions. A pattern as a language can be analyzed 

in terms of phrase structure grammar. Recognition of a pattern there

fore is presented as a problem in syntax analysis, or parsing. The 

"grammar" is constructed to make possible the assessment of whether or 

not a pattern description is grammatically correct. A general model is 

presented in the picture description language by Shaw (1969, 1970). 

The one-dimensional concatenations from syntax analysis of formal 

languages or computational linguistics here are extended to two 

dimensions, by defining a suitable set of operators which specify 

juxtaposition and connections of image primitives. 

It is possible to describe and to analyze (parse) a wide range 

of figures by such general picture languages. This literature is 

primarily drawn from the field of parsing, transformational grammars, 

formal language theory such as the work by Miller and Shaw (1968), Evans 

(1971), Shaw (1969) and Chomsky (1956), Chomsky and Schutzenberger (1963), 

and the texts by Grasselli (1969), Tou (1966) and Kaneff (1970). 

A very general approach is taken in investigations where the 

recognition of two-dimensional images of three-dimensional bodies is 

based on the implied positions of edges hidden from direct view as well 

as on visually accessible features. The hidden line problem, which 

requires considerable complexity in pattern description, has been treated 

extensively by Guzman (1968a, -b) and by Underwood and Coates (1972). 
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The text by Duda and Hart (1973), on pattern classification and scene 

analysis gives a recent survey of work performed on that basis. 

Pictorial relationships and their utilization by a syntactic 

approach have been investigated by Clowes (1967, 1969a, -b) and form the 

basis for later work performed by Pavlidis (1968, 1972) on figure 

recognition through decompositon. The need for structural classifiers 

was emphasized by Kirsch (1971), and the general problem of finding new 

approaches was discussed in a series of basic papers by Narasimhan 

(1970), Evans (1969) and Kanal (1968). The articles by Pavlidis (1968, 

1972) on structural pattern recognition describe a work close to the 

topic of this dissertation. It differs from the work presented here 

in that the classification tool employed was a labeled graph (a relative 

of the grammar or linguistic approach). In addition, random figure 

generation methods were not presented. 

Descriptive pictorial pattern recognition research has primarily 

been problem-oriented, not approach-oriented. The motivation for this 

work was not a desire to know what problems could be handled with a 

descriptive approach; rather, the overriding consideration was, how a 

particular problem could be solved. 

According to Evans (Grasselli 1969, chapter 3), the predominant 

trend in pattern recognition research has been toward theoretical and 

empirical studies of the classification model. Property filters which 

extract features or attributes are devised and passed to a decision 

making mechanism which categorizes the input into one of a number of 

pre-established slots. He remarks that while experimental systems have 
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been built which perform well on tasks such as the classification of 

hand-printed characters, "success has not been so evident" with respect 

to more complex patterns such as aerial photographs. He further states: 

(p. 80) "...the relative failure of the classification approach on such 

problems can be attributed to insufficiently sophisticated property 

calculations." 

Rosenfeld (1969, p. 105-109) likewise emphasized the great 

importance of "good" property selection to success in pictorial 

pattern recognition. He stated that in many pattern recognition systems 

the properties appear to have been selected less for their suitability 

in the classification task than for their mathematical tractability and 

computational ease. He further stated: "The soundest approach to 

property selection is to use knowledge about the "structure" of the 

patterns." Rosenfeld views automatic pattern classification design as 

the finding of a function that maps a set of patterns (pictures) into a -

set of classes. He described the process in terms of three steps: 

Preprocessing, feature extraction and classification. 

Character Recognition 

Machine reading of alpha-numeric characters was at one time 

considered next to impossible (Kanal 1968). It seems to have been the 

single most attractive application of descriptive pattern recognition 

study. Speaking of discrete symbol recognition, Narasimham (1970, p. 1) 

stated: "The compelling motivation for these studies has, of course, 

been the possibility of developing a device that could read alphanumeric 

characters ... Procedures that have been developed ... to read multi
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font printed characters, hand printed characters, etc, have had a 

measure of success." 

Descriptive properties used in performing optical character 

recognition include matrix matching, stroke analysis, curve tracing, 

analog waveform matching, and frequency analysis. 

An example of a specific application oriented approach is the 

recognition logic development of the IBM 1975 optical page reader 

(Andrews et al. 1968). Here a multifont page reader was designed to read 

quarterly earning reports for the Social Security Administration. The 

article stated that "recognition is accomplished by making measurements 

to determine the presence or absence of character features ..." The 

kinds of features used were stated to be line segments, line endings, 

corner curvatures, line gaps, relative line segment positions, dimples, 

notches, character widths and heights, line thicknesses, blobs and 

overhangs. The initial approach attempted was to design automatically 

a set of complex decision logics operating on simple measurements of 

the character bit patterns. This theoretical method was chosen to 

avoid the large amount of work required with manual intuitive design 

methods. Poor results forced a midstream change in which "intuitively 

chosen," "experimentally tested measurements" were subjectively combined 

to form a simple decision. This approach met with a "successful 

outcome." 

Fingerprint Classification 

Another application of descriptive pictorial recognition that 

has been moderately successful is fingerprint identification (Gaffney 
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1967). The Gaffney paper describes a technique of single fingerprint 

identification based upon the identification and orientation of bifur

cations within the print. A bifurcation is described as a point in 

which two fingerprint pattern ridges join. 

There are also several fingerprint classification schemes which 

utilize the ten fingerprints of a person as a single pattern. Because 

the images of all fingers are utilized, the classification features 

employed for individual prints do not have to be as refined. Some of 

the commonly employed features are whorl, loop and arch, each character

istic being applied to only a single print at a time. 

Recognition of Solid Objects 

Some work has been done in recognizing three dimensional 

objects. One very clever approach was published by Sklansky and 

Davison (1971). They utilized a slope density of the object silhouette, 

defined as the change in length per unit change in boundary angle of 

the silhouette. The Fourier transform of the slope density vs. angle 

plot was then independent of the initial figure orientation angle. The 

recognition phase utilized a decision tree containing the slope density 

Fourier harmonics at varying aspect angles of the object. Recognition 

was possible at high speed and at many object angles relative to the 

observer. 

Another three dimensional object recognition scheme was 

reported by Underwood and Coates (1972). Here solid objects, composed 

only of connecting planes, are given a position invariant description 

based upon how the surfaces interconnect to form the object. Recog



nition is performed by comparing a complete or partial object descrip 

tion (the entire object was not seen) with an object description 

library. 



CHAPTER 4 

METHODS AND PROCEDURES 

The general process of pattern recognition may be viewed as a 

mapping from an object space of high dimensionality into a measurement 

space of lower dimensionality. The structure chosen for the measurement 

space distinguishes the two principal approaches to the design of 

automatic categorization programs. These two approaches are (1) statis

tical classifiers and (2) structural or descriptive classifiers. 

Statistical classifiers are in widespread use. They employ a 

single selected set of features which form the dimensional axes of 

a measurement space. Data acquisition is followed by data reduction 

extracting specific values for a number of preselected features. The 

object is then represented by a feature vector which defines a specific 

location in a continuous measurement space. The selection of features 

(or dimensional axes) is made by the designer of the classifier, with 

the hope that feature vectors derived from instances belonging to 

different pattern classes will map into different neighborhoods of the 

measurement space. Categorization is then performed on the basis of a 

position relative to the multivariate mean of a pattern class or on the 

basis of a likelihood ratio. 

Statistical classifiers have the great advantage of being 

mathematically tractable, that error probabilities can be estimated and 

that they are fast and relatively easy to inclement. They are ideal 

18 
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when only a limited number of different categories (typically less than 

10) must be discriminated. They become inefficient to the point of 

uselessness when a large number (say 100 to 100,000) of different 

pattern classes have to be distinguished. Categorization is an essen

tially "blind" decision; the instance is assigned to the category to 

which it is "most similar," as measured by a distance metric, not 

because the instance possesses certain properties. The most serious 

objection to the use of statistical classifiers in multicategory 

situations is that only a single selected set of features are used. 

The same set of features are evaluated for every examined object, 

regardless of what category it belongs to. Statistical categorizers 

therefore operate in a closed measurement space. They have difficulty 

accomodating new categories. 

Structural (descriptive) classifiers ask a fundamentally 

different question: "What set of features does this object possess?"; 

and not: "What values for a given set of features does it exhibit?" 

Structural classifiers thus identify an object on the basis of its 

properties or features not "similarity." Hence they map into a distinct 

location in a discrete measurement space rather than into a continuous 

measurement space. Since, in principle, they operate with an unre

stricted number of properties, they employ an open measurement space. 

This allows for the accomodation of a very high number of pattern 

categories and eases the addition of new categories. 
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Descriptive classifiers differ primarily in the complexity and 

variety of the discrete measurement space into which they map. The 

"hidden line" problem occurs particularly in the recognition and correct 

categorization of three-dimensional objects. If correct mapping depends 

upon appropriate complementation of the hidden side of such an object, 

or on a corresponding inference by the recognition algorithm, very 

general (and also extremely complex) recognition and categorization 

programs are required. Deriving a general solution to this problem 

would constitute a major advance in the field of artificial intel

ligence. Such programs would in fact simulate the models of the real 

world which a human employs. However, in this case an automatic device 

is being asked to perform a task which humans can do very easily, and 

to do it in a way which is difficult for the machine. The approach 

does not take advantage of an automatic device's capability for rapid 

quantification and mensuration. 

Compared to artificial intelligence procedures, this study 

employs a "brute force" method. It is based on the assumption that a 

pattern category can be characterized by the way a pattern is decom

posed; that is, by a set of arbitrary but generally applicable and 

consistently applied dissection rules. The sequential application of 

these rules, coupled with a group of elementary subfigure properties, 

defines a specific path which is considered as the "pattern." It maps 

into a discrete location of a measurement space. By selecting a suit

able encoding technique the desired latitude of the mapping can be kept 

under operator control. 
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Once such a mapping has been achieved and the correct pattern 

class established, on the basis of the discovered characteristic proper

ties, these properties may be used to test (by statistical classifi-. 

cation methods) whether or not the examined instance complies with the 

correlational constraints between the set of features selected for this 

pattern class. These features may form a second measurement space of 

very limited and specifically selected dimensionality. The descriptive 

classifier is therefore used to reduce the dimensionality drastically. 

Then, all the advantages of statistical classification procedures, 

applied to a recognition problem now greatly reduced in scope, can be 

realized. 

To ascertain whether the selected features indeed test for all 

pertinent information and whether the measurement spaces of the human 

observer and the automatic device coincide, iterative feedback was 

incorporated into the program system. This program section allows the 

operator to generate synthetic instances of any pattern class under 

constraints set and regulated by him. The operator can modify the 

generating constraints until no random instance of the pattern class 

under study is generated that he himself would not place into the 

pattern class. He may also set the generating rules to produce atypical 

and marginal instances which he subjectively feels are just within the 

bounds of his concept of the pattern class. This scheme can also be 

used to generate all possible pattern instance classification codes, 

which then will be compounded into the pattern class code. 
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An object shape (figure) is defined by a paired sequence 

of numbers, each pair of numbers representing the coordinates of a 

point. Adjacent pairs of points represent straight lines in such a 

manner that the figure is composed of a closed set of connected straight 

line segments which do not cross. 

Figure recognition utilizes a program-generated figure classifi

cation number which contains the following information encoded as octal 

integers (i.e., integer eight's and nine's do not exist): 

1. The presence or absence of bilateral symmetry* in the figure. 

2. The number of subfigures obtained by uniformly applying the 

set of dissection rules to the figure. 

3. The sequential list of rules utilized to dissect the figure. 

4. The elementary subfigure properties of multiplicity, orien

tation, relative size, shape, and position of the subfigure 

relative to the figure centroid. 

The figure classification method proceeds as follows: Geometric 

patterns are checked for symmetry, and then taken apart by applying the 

dissection rules. The above group of subfigure properties are then 

determined for each subfigure. The classification number for the 

figure is constructed from the result of each of these determinations 

encoded as an octal number. 

1. In this work (for simplicity) a somewhat restrictive 
definition of bilateral symmetry is used. A figure is said to have 
the property of bilateral symmetry if the stun of all figure boundary 
X coordinate values is near zero. 
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Each pattern class (represented by a pattern classification 

number) may have several figure classification numbers compounded into 

the pattern classification number. This is accomplished by using octal 

numbers and making the pattern classification number equal to the 

Boolean sum1 ("OR" operation) of the included figure classification 

numbers. Thus the user can decide whether he wants to include few or 

many selected figure classification numbers in a single pattern 

classification number. In this way fine discrimination, flexibility, 

and economy in the use of class names is retained. 

Once the pattern class of an object has been found, the program 

can refer to the stored covariance matrix of the pattern class and its 

mean feature vector to compute an estimate of the typicality of the 

examined representative as a member of the pattern class. 

1. In the Boolean equation 

C = A .OR. B, 

A, B and C are Boolean variables (they can only have a value of zero or 
one). The variable C receives the value of one for all values of A and 
B except when both A and B are zero. 



CHAPTER 5 

PROGRAM DEVELOPMENT AND DESCRIPTION 

The developed program system can be divided into four areas, 

each designed to perform a specific functional task. The first of 

these is the extraction of information from figures. It consists 

essentially of a data reduction scheme and is, in its capabilities, 

problem specific. The second section performs the recognition function, 

i.e. the assignment of a figure to a pattern class. The third section 

allows the user to ascertain, in an iterative fashion, that all of the 

required features have in fact been considered. This program section 

permits the user to synthesize random instances of the examined pattern 

class and assess a typicality index. The set of figure definition, 

manipulation and display subprograms for the above functional areas are N 

described in the fourth section of this chapter. 

The function and theory of each program area will be discussed 

in the following sections. Each program is control card callable by the 

name of the program. For user convenience any parameters which the 

program should need follow the program name in free field format. 

Information Extraction from Figures 

Program DSSCTN 

Program DSSCTN is the largest single control card callable 

program. With its two passed parameters, NFIG and IOPTN, this program 

24 
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takes the figure number NFIG and dissects it into subfigures according 

to a hierarchic set of rules. These rules are arbitrary, but they are 

consistently applied until their applicability has been exhausted. 

All of the dissection rules use a special figure point property 

(for definition see page 61) called an "IAL" point. IAL is an acronym 

for "internal angle larger;" it identifies a point on a figure's 

perimeter where two straight line segments form an angle which is larger 

on the inside of the figure than on the outside. All figure dissection 

lines pass through at least one IAL point. 

The first operation the program DSSCTN performs on any figure 

is a simplified evaluation of the presence or absence of bilateral 

symmetry. It is assumed that all figures with bilateral symmetry will 

have been previously oriented and shifted such that the axis of symmetry 

will be the Y axis. Thus, for the bilateral symmetric figure, the sum 

of the X coordinates of the figure points will be zero. 

If the test for bilateral symmetry is satisfied, the program 

dissects the figure along the symmetry axis and deletes half of the 

figure. Next the remaining figure half is dissected along lines normal 

to the axis of symmetry which pass through an IAL point. Each of these 

subfigures is consecutively stored in ascending order starting in figure 

location one. (See Figure 5.1.) 

If the test for bilateral symmetry fails, the program goes into 

a systematic procedure for the dissection of figures without bilateral 

symmetry. Such figures are dissected according to a hierarchy of seven 

rules and, as is the case for symmetric figures, all dissection lines 



Figure 5.1 Bilateral Symmetric Figure Before and After Dissection 



pass through at least one IAL point. The arbitrary dissection rules 

are applied in succession until they have become non-applicable. In 

other words, rule one is successively applied until it fails to dissect 

a subfigure. Then in like manner rule two is applied, and so forth, 

until all the rules have successively been applied. Table 5.1 contains 

a description of these dissection rules. 

The seven nonbilateral symmetric dissection rules are best 

explained utilizing a pictorial example for each. Rule 1 (Figure 5.2) 

specifies that a subfigure is to be removed when the extension of a 

line passing through an IAL point passes through another IAL point and 

continues in the same direction. Rule 2 applies when such an extension 

passes through another IAL point, as in rule 1, but the line continues 

with a change of direction at the second IAL point. Rule 3 applies 

when the connection between two IAL points is parallel to another line 

on the figure's perimeter. Rule 4 applies when at least two IAL points v 

exist. Dissection occurs along a line connecting the pair of adjacent 

IAL points; the smallest subfigure is removed. Rule 5 (Figure 5.3) is 

utilized when a line connecting two adjacent IAL points is parallel to 

another line on the figure's perimeter, and when its extension in 

either direction does not pass through another vertex point on the 

perimeter. The smaller subfigure removed by this extension is 

dissected. Rule 6 is used when the extension of a line passing through 

an IAL point intersects another figure point. The smaller subfigure is 

removed if, and only if, it does not contain an IAL point itself. Rule 

7 applies when only a single IAL point is found. Two partitions are 
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Table 5.1 Hierarchy of Dissection Rules for Figures Without Bilateral 
Symmetry 

Dissection Rule Description 
Number 

The extension of an IAL line (a line intersecting a 
IAL point) is coincident with an IAL line of an 
adjacent IAL point where the two IAL figure points 
are not adjacent. (At least one non-IAL figure point 
lies between the two adjacent IAL figure points.) 

The extension of an IAL line intersects an adjacent 
IAL point of a non-adjacent figure point location. 

The line connecting two consecutive non-adjacent 
IAL locations is parallel to a figure line. 

The line connecting two consecutive non-adjacent 
IAL locations cuts off the smallest area subfigure. 

/~N 

The extension of a figure line connecting two 
consecutive IAL locations is parallel to another 
figure line. The smallest area subfigure, not 
containing an IAL point, is removed. 

The extension of an IAL line passes through a 
non-adjacent figure point. The smallest area 
subfigure, not containing an IAL point, is removed. 

An extension of an IAL line cuts off the smallest 
figure area. 

I 

I 
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5 3 
Figure 5.2 Subfigure Removal by Application of Dissection Rules One 

Through Four. 



Figure 5.3 Subfigure Removal 
Through Seven. 
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then possible, and the one removing the smaller subfigure is chosen. 

As in the case of the bilateral symmetric figure, each dissected sub-

figure is successively stored in ascending figure locations starting 

with figure number one. 

The program DSSCTN returns to a COMMON array: the total number 

of resulting subfigures, the rule applied to obtain each subfigure, and 

the presence or absence of bilateral symmetry in the initial figure. 

The residue subfigure remaining from the parent figure after none of the 

dissection rules can be applied is given the dissection rule zero. Two 

test patterns with their dissected subfigures, illustrating the appli

cation of these rules, are given in Figure S.4. 

Program ANALYZE 

Program ANALYZE performs an analysis of a sequence of subfigures 

for the presence of specific elemental properties in relation to the 

parent figure. These subfigure properties, along with their octal s 

numeric codes, are given in Table 5.2 and are explained in more detail 

below. 

The subfigure elemental property Multiplicity is defined as the 

number of subfigures that are identical in size, shape and orientation. 

Two subfigures are identical if through appropriate translation they 

can be made to superimpose. The simplified test for sameness utilized 

is a common number of figure points and equal boundary circumferences. 

The present program provides for multiplicities of one and two. 

The subfigure property Orientation is defined to have three 

possible states. Thus a subfigure either has equal extent along both X 
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Figure 5.4 Non-bilateral Symmetric Dissection Rule Test Figures with 
Resulting Dissection Subfigures. — Dissection rule numbers 
have been inserted between the resultant subfigures. 
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Table 5.2 Subfigure Properties Relative to the Parent Figure Centroid 

Subfigure Properties Code Number and Description 
(MOSSXY) 

Multiplicity 

Orientation 

Size 

Shape 

X Position 

Y Position 

Number of Common Subfigures 

1 - Longest AX and AY Coordinates Equal 
2 - Longest Coordinate = AX 
4 - Longest Coordinate = AY 

- Not Smallest or Largest 
- Smallest Area 
- Largest Area 

- Neither Rectangular or Round 
- Rectangular 
- Round 

- Points Lead and Lag Centroid 
-All Points Lag Centroid 
-All Points Lead Centroid 

- Points Above and Below Centroid 
-All Points Below Centroid 
-All Points Above Centroid 
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and Y directions, or the extent of the subfigure is greatest in a 

direction parallel to either the X axis or the Y axis. 

In like manner the other properties Size, Shape and Position 

are each defined to exist in one of three possible states. It should 

be pointed out that the property of round shape means that a subfigure 

has five or more sequential points lying on a common circle. 

The position properties relate subfigure intersection point 

positions relative to the parent figure centroid location. Thus an X 

position of 2 exists if all points in the subfigure have X values less 

than the X value of the parent figure centroid. 

If multiple subfigures each have the same size property and 

that size is largest or smallest, the property is only assigned to that 

figure of the multiple removed first from the parent figure. 

Program FNDAREA 

Program FNDAREA determines the area inside a figure boundary 

from the referenced figure coordinates. With proper passed parameter 

values, the program will determine the location of the centroid of a 

given area. 

If desired, the program can determine an area and centroid of a 

portion of a figure. This requires specifying the initial and final 

points of the figure defining point sequence. 

The method utilized to determine an area and its centroid is 

as follows: 

1. The figure is divided into a series of triangles, each defined 

by three figure boundary points. The sum of the areas of these 
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triangles is the area of the entire figure. 

2. The area and, with appropriate options, the centroid for each 

component triangle are computed. 

3. The total area then is the sum of the area of each triangular 

component. Each of the area centroid coordinates is the 

weighted sum of each triangular component coordinate divided by 

the total area. 

The weighting factor for each component triangle is the tri

angular component area. Thus 

1 N 
Z = i E Z. A. 
c A j=l 3 3 

where 

A = Total Area 

Z = 
c 

Either X or Y Area Centroid 

Z. = 
3 

Centroid Coordinate of Triangular Component 

A. = 
3 

Triangle Component Area 

N = Total Number of Component Triangles 

j = Index Parameter 
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The area of a single triangle is given by 

A = h 
X1 Y1 1 

X2 Y2 1 

X3 Y3 1 

= 35 [XlCY2-Y3) - X2(YrY3) + X3(YrY2)] 

where and Yi are the coordinates of the triangle vertices. 

After the total area has been computed its absolute value is returned 

as the "area value." 

The centroid of each component triangle is found by using the 

property that it lies on a line connecting a figure point with the 

center of the opposite side. Thus the intersection of two lines each 

bisecting a side and extending to the opposite corner defines the 

centroid for a component triangle. 

To explain the computational procedure followed in the FNDAREA 

program, let the three vertices of a triangular figure component be 

numbered from one to three. The coordinates of these points could 

then be labeled X̂  and Ŷ  , i=l,3. Then let a double subscripted 

variable X„ represent the coordinate of the point bisecting the line 

connecting figure points i and j• Thus 

Z.. = Z. + h (Z.-Z.) 
ij I J i 

where Z represents either the X or Y point coordinate. Let 

unsubscripted variables X and Y represent a general point along a 

line connecting the third vertex with the bisector of the side opposite 
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CY-Y12) / (X-X12) = CY12-Y3) / cx12-x3) 

or 

Y = Y12 + C12CX-X12) 

where 

C12 E 

The same is performed for point one and the bisections of its side 

opposite yielding 

Y = Y23 * C23»-X23>' 

where 

C23 5 Pf23"Yl' ' (X23-X1>-

Equating the Y values of the two straight line equations and solving 

algebraicly for the centroid coordinates yields 

Xc = D Ŷ12"Y23"X12C12+X23C23̂  
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and 

Yc - h t C12'Y12 - X12C12) - C12«2Z " X23C23> ' • 

where 

Tolerances 

It is clear from the description of the dissection rules that 

the operation of the program will be profoundly affected by tolerance 

specifications. For example, whether the extension of an IAL line 

passes through a figure point or not is a question of what degree of 

proximity is considered as passing through the point. Similar consider

ations apply to rules making assumptions about the parallelism of lines.v 

Areas are evaluated for equality by comparing the absolute 

value of their area difference with a small program constant. Defi

nition of a rectangle, or a round section of a figure's perimeter 

depends on positional tolerances. Roundness is checked by ascertaining 

whether or not at least 5 figure points lie close to a common circle of 

a given radius. The question of multiplicity of figures is decided by 

examining the number of figure points, then comparing the figure circum

ference values. Finally, in the "rectangle test" assumptions are made 

that the corner coordinates have identical X and Y coordinate differ

ences, again within tolerances. The rectangle test in the present 
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program version, therefore, really is a test for the presence of an 

oriented rectangle. A rectangle tilted relative to the X and Y axis is 

not considered to be a rectangle. 

All tolerances are presently specified by program constants. 

The operator thus may adapt the program performance characteristics to 

the expected variation in the preprocessed real images. 

Pattern Recognition 

Program CLASIFY 

Program CLASIFY operates on a given figure to obtain a figure 

classification number. This is accomplished by first enploying program 

DSSCTN to take the figure apart and then program ANALYZE to characterize 

each resulting subfigure in relation to the entire parent figure. To 

form a term in the figure classification number the six digit code 

obtained from program ANALYZE, for each subfigure, is combined with the 

three digit dissection rule utilized to dissect the subfigure. 

Two additional terms are added to this number. These are the 

figure symmetry code and the number of resulting subfigures. This 

multitermed octal number then defines a unique point in a figure classi

fication space. 

The figure classification code consists of several short terms 

(or strings) of octal numbers, for example: 

1.05.000141114.000122114.000121214.000121111.000124112. 

The first term is a single digit, either a zero or a one. This term 
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denotes absence or presence of bilateral symmetry. The next term 

contains two digits; it indicates the number of subfigures into which 

the figure has been dissected and the number of terms to follow in the 

figure classification code. For example, the two digits 05g (The sub

script refers to the number base, i.e., base eight or octal.) indicate 

that the remainder of the code number consists of five additional terms. 

All of the nine digit terms refer to the resulting subfigures. 

The digits in these terms specify which dissection rule was applied and 

how the subfigure related to the whole. 

The first three digits of each nine digit term specifies "K," 

the number of the dissection rule. It is encoded as follows: The 

K-l dissection rule number K is stored as the octal equivalent of 2 

For exanqple, dissection rule K=4 would be encoded as 

24~110 = 81q = 010g = 000 001 0002 . 

The dissection rule number K=4 thus appears as a binary one set into 

the fourth position counted from the right. 

Attention is called here to the distinction between a figure 

classification code and a pattern classification code. For a single 

figure, only a single way of decomposing it is possible. This means 

that for the seven dissection rules, no octal number larger than 100g 

(K=7) will ever appear in the first three digits of any term. 

K = 7 is stored as 
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261Q = 641q = 100g = 001 000 0002 . 

Into a pattern classification code one may wish to admit, as equivalent, 

figures taken apart by different alternate dissection sequences. 

Figure pattern classification codes, therefore, may have values larger 

than 100g in the first three digits of a term. For example, if 

application of rule 7 or rule 4 are considered equivalent, then the 

first three digits of the term would read: 

110g = 001 001 ooo2 . 

The remaining six digits in each term specify properties of the 

subfigures and are, for figure classification codes, always either an 

octal 1, 2 or 4. Their interpretation is detailed in Table 5.2. For a 

pattern classification code these integers also may have numbers other 

than 1, 2 or 4, to indicate alternative properties in the pattern class. 

An example of this feature is given in the next section. 

Program LABEL 

The mission of program LABEL is to find and print out the 

pattern classification name of which a given figure, operated on by 

program CLASIFY, is a member. In fulfilling this mission, the program 

performs three functions. 

The first function of the program is to accept pattern classifi

cation numbers and, for each number, a pattern classification name. A 
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pattern classification number can be a figure classification number, or 

it can be the term by term Boolean sum ("OR" operation) of a group of 

figure classification numbers each having the same number of terms. 

Because of- the Boolean sum relationship between possible component 

figure classification numbers and the pattern classification number, 

the pattern classification number contains and includes each possible 

figure classification number. 

The second function of the program is to test a given figure 

classification number to see if it is a member of a pattern class 

defined by one of the members of the array of pattern classification 

numbers and names. This function is determined by performing a sequen

tial term by term Boolean "AND"* operation between the prospective 

pattern classification number and the test figure classification number. 

If a figure classification number is a member of a pattern class, each 

term of the resulting Boolean product will match the figure classifi

cation number, as illustrated in Figure 5.5. 

The third function of this program is to print a response to 

the operation informing the user whether or not the test figure is a 

member of one of the stored pattern classes. If the response is in the 

affirmative then the program prints the name of the pattern class of 

1. In the Boolean equation 

C = A .AND. B, 

the Boolean variable C receives the value of zero for all values of A 
and B except when both A and B are one. 
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0. 2. 003176277. 000176277. Pattern Classification Number 

.AND. 0. 2. 002122214. 000144211. Figure Classification Number 

0. 2. 002122214. 000144211. Boolean Product 

Figure 5.5 Resulting Boolean Product Between a Pattern Classification 
and a Test Figure Classification Number. 



which the figure is a member. 

"NO NAME ASSIGNED." 
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Otherwise the program prints the message 

Typicality Index 

It is desirable to compute an index to assess how typical a 

given figure is as a representative of a pattern class. The difficulty 

with measures of this kind is that usually their numerical values vary 

widely with the number of dimensions of the measurement space and the 

figure scale values. This makes it very difficult in a descriptive 

classifier to make comparisons between patterns within a pattern class 

as well as between patterns assigned to different categories. These 

categories may well be characterized not only by different feature 

dimensions with varying units, but also by a different number of 

dimensions. The typicality index employed here is independent of the 

number of dimensions of the measurement space and the feature units. 

For every pattern class the multivariate mean and covariance 

matrix of the set of features characterizing it must be known and 

stored. For a given figure one can compute the Euclidean distance from 

the point representing it to the pattern class centroid. This distance 

is computed in orthonormal Eigenspace, which is independent of feature 

scale and units. If we denote the Euclidean distance as R, and the 

j* 
number of dimensions as N, the typicality index is given as R / N . 

For example, when the typicality index is equal to 1.000 , it denotes 

h a figure which is N units distant in orthonormal Eigenspace from the 

mean. The Euclidean distance in Eigenspace thus can be seen as the 
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radius of a hypersphere, the surface of which holds all points with the 

same typicality index. The value of the typicality index however is 

the quotient of this distance divided by the square root of the number 

of dimensions. That this makes its value independent of the number of 

dimensions N is best illustrated by a practical example. 

Let us compare two typical figures, a square in a plane, and a 

cube in three dimensions. Let the sidelengths be unity, to indicate 

that for spaces of different dimensionality these two should be equally 

typical. The Euclidean distance from the lower left corner of the 

square to its upper right corner is R = 1.414 ; for the cube the 

corresponding cross diagonal has a value of 1.732. Yet both figures, 

the one with its feature dimensions exclusively in the plane and the 

one with its feature dimensions in three dimensional space, will have 

the same typicality index of 1.000.. 

The typicality index of any figure therefore may be considered » 

as the sidelength of a hypercube, the cross diagonal of which is the 

Euclidean distance from a pattern to the pattern class centroid in 

orthonormal Eigenspace. 

In the real figure space the figure is represented by a point 

in.an N dimensional hyperspace defined by nonorthogonal coordinates and 

standard unit lengths represented by the various standard deviations 

of the coordinates. The N eigenvectors of this space define the linear 

weighted combination of these coordinates which yield a set of 

orthogonal coordinates. The square of the new standard deviations along 

these N axes are the Eigenvalues. By normalizing this orthogonal space 
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by the square root of these Eigenvalues the new constructed normal 

space becomes an N dimensional ortr.-.normal hypercube (all sides having 

the same length), the standard deviation side length being unity. A 

real figure is also represented by a point in this orthonormal space. 

The typicality index is cc.rr.uted in this hypercube space. 

Therefore it has a value independent of the real space scale and dimen

sions, is positive and it is in units of normalized standard deviation. 

Thus, if a figure has a typicality index of one, this means the figure 

is represented by a point in the orthonormal hyperspace which is 

separated from its origin by a distance equal to the distance from the 

origin to a point found by traversing one unit of length along each 

orthogonal coordinate. 

Program TYPICAL 

In relation to the current random figure generation model, 
v 

program TYPICAL determines how far a given figure representation point 

is separated from the model centroid. (See program FIGJEN description 

for a discussion of random figure generation.) This is accomplished by 

transforming the figure coordinates or construction parameters into the 

orthonormal Eigenvector space, and in that space determining the squared 

distance from the mean to the figure location (ZZT) and the typical 

coordinate value (Z1TYP). Therefore, if N is the dimension of the N 

variate figure space model and Z. is a general orthonormal coordinate 

length, 
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N N 
ZZT = E Z.2 = Z (Z1TYP)2 = N(Z1TYP)2 , 

j=l J i=l 

or 

Z1TYP = (ZZT / N)3* . 

Looking at this in another way, letting R represent the 

absolute value of the distance from the mean location to the given 

figure point in orthogonal Eigenspace, 

R = (ZZT)35 

Thus 

Z1TYP = R / (N)3® . 

Looking at a three dimensional model, R represents the distance 

through the center of a rectangular solid connecting opposite corners 

(Euclidean distance). Z1TYP would then be the side length of a cube 

which has the same value for R in normalized units (dimensionless). 

The mathematical theory describing the relationship between the 

space of the figure coordinates or construction variables and its 

orthogonal Eigenspace is found in the section following the program 

FIGJEN description. 
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Random Figure Generation 

Program FIGJEN 

Random figure generation has been performed on the basis of two 

types of figure construction variables. These are figure feature 

variables and figure intersection point coordinates. In both cases 

program FIGJEN is utilized to generate random figure construction data 

values according to an N variate probability distribution as defined 

by an N by N covariance matrix and an N term mean figure construction 

vector. The built in methods for obtaining the defining covariance 

matrix and mean figure construction vector will be discussed later 

under program CVRCNST. 

The figure construction data is processed the same in program 

FIGJEN for both types of figure construction variables. Likewise, the 

subroutines which generate the covariance matrix and Eigenvectors used 

by program FIGJEN also treat the two figure construction variable types 

the same. 

A figure feature variable, as the name implies, defines numerically 

a construction feature of the figure. For example, a length to width 

ratio or an initial wing angle would qualify if it was used as a 

defining parameter in the figure construction. 

Each figure point is defined by a pair of intersection point 

coordinates. These can be considered as construction variables and 

hence can be randomly generated according to the figure defining 

relationships. 
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Random figure construction using feature variables requires a 

separate program for each figure type to generate intersection coor

dinate values from the feature variables of a figure. Program PLAEN is 

an example of that type of program. This program takes the figure 

feature variable output from program FIGJEN and interprets them as a 

fixed set of airplane features. Then program PLAEN generates the figure 

intersection coordinates corresponding to the given input set of 

feature variables. 

If the variable output parameters of program FIGJEN are figure 

intersection point coordinates, then the figure can be displayed or 

processed immediately without going through a feature to intersection 

coordinate program step. For this reason random figure construction, 

using figure intersection point coordinate variables, is a more versa

tile figure generation method; it eliminates the construction of a 

figure feature to point coordinate program. However, the character- 1 

ization of figures by feature construction variables is normally more 

efficient in the sense that fewer feature variables than intersection 

coordinate variables are required. 

Figure construction variables of either the feature or inter

section coordinate types are both generated according to a defining 

covariance matrix and a mean figure construction vector. The theory of 

how this is accomplished is explained in the next section. 

Multivariate Normal Random Figure Construction Theory 

For a set of real figure construction data interpreted as a 

vector, the covariance matrix is given by 



50 

1 N* E.. = E[(Xt - Û CX. - U.)] = i E [(X. - U.)(X. - U.)]k 
k-1 

where E is the expectation operator, X̂  is a figure construction 

random variable, U. is the variable mean value and N' is the number 
* I 

of samples in the data set. 

Since matrix E is real and symmetric, an orthogonal Eigen

vector matrix R can be found such that 

Rl E R = A 

where 

A = 

the matrix of Eigenvalues, and 

the unity matrix ( R is an orthogonal matrix). 

Thus, by the orthogonality of R , its transpose matrix is also its 

inverse, so that 

R R = I = 

*1 
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E = R A Rl = (R A*5) I (R l!*f = PIP1 , 

where 

0 

0 -̂ N 

and 

P = R A . 

For an N-variate normal probability density function 

N 
F($) = (2ir)~ /2 |Z |-3s EXP{-Js[C)t - ft)* Z'1 ($ - ft)]} 

where 0 is the column vector of the means of 5t . Therefore 

U. = E(X.) x xJ 

and 

Z.. = E[(X. - U.)(X- - U.)1 
ij lvi i J J 



Let 

Q = -M(X - E"1 cx - tf)] 

Thus 

q = -mc£ - ft)1 (P I PV1 dt 

• -Js[ Ĉ t - ft)* P*"1 I P"1 (jt 

= -h[ lz 2 ] 

where 

t = P"1 cx - J) 

Therefore 

= P 2 + U 

and 

N. . 
F (?) = (2ir)~ / 2 EXPt-Jsll1 £] } 
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where (a component of the vector I ) is an instance from a 

N(0,1) probability density distribution (mean of zero and variance of 

one). 

The procedure for the generation of sample {it} from a given 

distribution F(X) is as follows: 

1. From a series of sample data sets it , determine 

Z.. = E[(X. - U.) (X. - U.)1 , 
xj 1 1 i j J 

i=l,N 
j=l,N 

where 

5 = E(5t) . 

2. Determine A and R such that \ 

Rt Z R = A 

and 

Rt R = I . 

3. Find 

P = R A* . 
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4. Find figure construction vectors 

| t = P t + 0 , 

where is W(0,1) , a random number with a zero mean and 

a unit variance. 

Generation of Orthogonal Space Coordinates 

In order to go the other direction, that is, for a given figure 

| contraction vector X , obtain the orthogonal Eigenspace coordinate 
i 

vector 1 , as in the previous section, let 

( 

t = P'1# - ft) 
| 

or 

I i = p i + ft. 
i 
! 

Again, as in the previous section, let 

! P n R A*5 . 
( 

i 

l 

Therefore 

P"1 = [R A35]"1 = A"*5 R"1 = A'3® R1 . 

I 
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But 

R = P A"3* ; 

therefore 

R1* = A"*5 Pt 

and 

P"1 = A-*5 [A-35 P1] = A-1 P t  

Thus 

2 = A"1 P* (it - ft) . v 

As was described in the discussion of program TYPICAL, it is possible 

to determine the coordinate distance to a unique point in orthogonal 

Eigenspace corresponding to a figure. The distance from this point to 

the mean of the distribution defines how typical this figure is in 

relation to its figure family. 

To assess typicality of a user supplied figure the Eigenvectors, 

Eigenvalues, and mean figure construction vector must be known. Also 

the user supplied figure must span the same space (have the same number 

of variables) as the covariance matrix model. Typicality is determined 
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by shifting and normalizing the user supplied figure; transforming it 

into orthogonal figure generation space using the Eigenvalue and Eigen

vectors. In this space the figure intersection point coordinates define 

the vectorial distance from the mean of the N variate space to the 

unique point in the space representing the given figure. This distance 

and the space dimension number (N) define the typicality of the given 

figure within the frame work of the N variate space figure description 

model. 

Random Gaussian Number Generation Theory 

In order to obtain random Gaussian (Z) numbers which are 

samples from a W(0,1) distribution (zero mean, unity variance), a 

subroutine RNDGAUS is utilized. Subroutine RNDGAUS calculates a random 

number Z1 according to 

12 
Z1 = Z X. - 6.0 

i=l 1 

where is a random number whose value is uniformly distributed on 

the interval (0,1) . 

Derivation of Random Gaussian Number Equation 

The central limit theorem tells us that if a group of sample 

sets of size N are taken from an infinite distribution (population), 

the variation of the means or averages of these samples from the mean 

of the original distribution will be Gaussian in shape. Also if the 

mean of the group averages is normalized to the mean of the infinite 
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population, then the standard deviation of the group averages from the 

population average, sometimes called the standard error, 

S_ = S / N5 , 
x ' 

where S is the standard deviation of the infinite population and 

N is the number of sanqples in each group. 

For an infinite flat rectangular population of width a , 

with the population mean of a/2 taken as the coordinate orgin, using 

X as the independent coordinate, the population standard deviation 

squared (variance) 

8/2 

S* = I U X2dX = • »2/12 

where N is very large. Thus if a = 1 , the population standard 

deviation 

S = 1/12* . 

Therefore, for a group sample size of N , the standard deviation of 

the group averages, from the population average 

S. = S/N5 = a/(12 N)̂  . 



Therefore, to obtain an N(0,1) random variable Z1 from the group 

mean X and standard error S- , 

1 N 
£ Z X. xt 

X i _l 1  1 Z1 = i = . = ± (12/N) E X. . 
x a/(12N) a i=l 

Letting 

Y. = X. + X , 
1 x ' 

1 % N 
Z1 = i (12/N) E (Y. - X) 

a i=l 

1 % N 
i (12/N) [ E Y. -NX] . 
a i=l 1 

For the rectangular distribution of extent a = 1 and 

X = % , letting the group size N = 12 , 

12 
Z1 = E Y. - 6.0 

i=l 1 

(N = 12 was selected for computational sinqplicity.) 

Program CVRCNST 

Program CVRCNST constructs the covariance matrix, the correr 

lation matrix, the standard deviation vector, and the mean figure 

construction vector from a user supplied set of sanple figures. An 

option is available to punch the resultant mean figure construction 
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vector, standard deviation vector and correlation matrix for later 

utilization. 

To generate the terms of the mean figure construction vector 

and the covariance matrix the program calls a subroutine MNCVRNC which 

was adapted from a program DTRANS written by John Bellamy II (1971). 

Subroutine MNCVRC calls another subroutine PARAM, also obtained from 

Bellamy. 

Program EGVCNST 

Program EGVCNST resides as an entry point appendage to program 

CVRCNST and for this reason it can utilize the arrays generated in this 

earlier program. This program constructs the Eigenvalue vector and 

scaled Eigenvector matrix from the stored standard deviation vector and 

correlation matrix. 

If the appropiate option is chosen, the program will punch out 

on cards the utilized mean figure construction vector, the computed 

Eigenvalue vector and the scaled Eigenvector matrix. This program 

utilizes a matrix inversion routine called MLEW, also obtained from 

Bellamy. 

Program VECTADD 

Program VECTADD accepts sample figure construction data and 

prepares it for utilization by program CVRCNST. This figure construc

tion data can be either in terms of figure feature variables or figure 

intersection point coordinate variables. 
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In preparing the figure defining data for program CVRCNST, each 

figure data set is shifted, rotated and scaled in such a way that the 

resulting first two data point coordinates become 0,0 and 0,1 . 

In addition, a small random perturbation is added to the figure data to 

prevent the occurrence of negative Eigenvalues due to the intersection 

coordinate figure model being over constrained. 

Program CORRADD 

Another program which accepts prepared input data is program 

CORRADD. Here a mean vector, a standard deviation vector and a 

correlation matrix is accepted in the same format as is punched out in 

program CVRCNST. Thus the optional punched output of program CVRCNST 

can be read back in and utilized to redefine a previous figure 

construction model. 

Program EIGNADD 

Program EIGNADD bears the same relation to program EGVCNST as 

program CORRADD does to program CVRCNST. Program EIGNADD accepts a 

mean figure construction vector, an Eigenvalue vector and a scaled 

Eigenvector matrix of the format punched out by program EGVCNST. Like 

program EGVCNST, program EIGNADD resides as an entry point appendage to 

program CORRADD. 
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Figure Definition, Manipulation and Display 

Figure Definition 

A figure is defined by a paired sequence of numbers, each pair 

representing the rectangular coordinates of a figure point. Each adja

cent pair of figure points represents a straight line segment in such a 

manner that the object perimeter is defined by a closed set of connected 

straight line segments (Figure 5.6). The starting point of the paired 

number array is immaterial so long as the neighbors of each figure point 

remain the same. Overcrossing of figure defining lines is not permitted. 

The main program CNSTRCT accepts data cards specifying a given 

figure. It stores these specifications in the form of a figure coor

dinate array so that they can be accessed by other programs. The 

present program version is capable of accepting up to twenty figure 

specification point arrays, each figure having as many as 50 coordinate 

sets. CNSTRCT is the host program for calling all of the other program 

sections. 

Figure Manipulation 

Nine control card commands are available to manipulate figure 

specification data. These have the subprogram names of SHIFTS, ROTATE, 

SCAEL, REORDER, CMBIEN, CPY, RECORD, CNCAT and PREPARE. 

A command data card "SHIFT" followed by the three passed 

parameters NFIG, SX and SY causes the figure identified by its number 

NFIG to be shifted a distance SX in the X direction (abscissa) and a 

distance SY in the Y direction (ordinate). The subprogram accomplishes 
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6 .0  1 .0  

Figure 5.6 Figure Definition Coordinate Array and Resulting Displayed 
Figure. — The first figure point, with coordinates X=2 
and Y=l, is at the lower left comer of the figure. 
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this shift by adding to each figure X coordinate of figure NFIG a value 

SX and to each Y coordinate a value SY. 

The command ROTATE, followed by the passed parameters NFIG and 

THETA, causes the figure number NFIG to be rotated in a counterclockwise 

(CCW) direction about the origin by a value THETA given in degrees. 

The method employed to accomplish the rotation is matrix 

multiplication. Thus if , k=l,2 represents the two coordinates of 

a figure point, and P.1 represents the new rotated point coordinates, 

then 

P.' = P. X. . 
J k kj 

where 

hi 
SIN e cose 

-cos 0 SIN 0 

The control card command SCAEL followed by the passed parameters NFIG, 

XK, and YK multiplies each X coordinate of the figure number NFIG by 

XK and each Y coordinate by YK. If the scaling parameters XK and YK 

have opposite signs the above scaling operation would change the figure 

numbering sequence from counterclockwise (CCW) to clockwise (CW) and 

vice versa. If this occurs, i.e., if XK and YK are of opposite sign, 

the program changes the order sequence of the coordinate points to be 

the same as it was prior to the scaling operation. 
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If it is desired to change the origin of the coordinate point 

numbering sequence program REORDER can be employed. A single reorder 

cycle consists of transferring the first figure point coordinates to 

figure point two, figure point two data to point three and so on until 

the last figure point data is transferred to point one. Thus if the 

figure has been numbered in a CW sense around the figure, the origin of 

the numbering sequence has been rotated CW one cycle. 

As a result of some figure manipulations a figure can be 

prepared with three or more adjacent perimeter points lying on a 

straight line. Subprogram CMBIEN was prepared to remove the redundant 

points. 

Program CPY is employed to copy the contents of one figure 

array into another figure array location. This program has two passed 

parameters NFIG and IFIG. The first of these (NFIG) is the figure 

number receiving the data. The second (IFIG) is the figure containing 

the data to be transferred. 

Program RECORD was written to print the point coordinates of a 

figure. This program contains two passed parameters, the figure number 

and an option code. By selection a "1" option the point coordinates 

of figure number NFIG are punched into cards in figure data entry form, 

in addition to being printed. 

Program CNCAT performs the function of concatenation of two 

figures. The program receives from the call a list of passed 

parameters. These parameters identify the figures to be concatenated 

by means of their coordinate points. 
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The first figure (NFIG) referenced in the passed parameter 

list is the receptor of the final concatenated figure. Any figure 

points existing between the concatenation points are eliminated. 

If the referenced pair of figure points in the second figure 

(MFIG) span a different space interval than the concatenation points of 

the first figure, the program utilizes program SCAEL to change the size 

of the second figure (MFIG) in such a way that both span the same 

distance at the concatenation interface. 

Program PREPARE prepares figure number NFIG for display by 

scaling it to fit just inside an XMAX by YMAX rectangle. It utilizes 

passed parameters NFIG, XMAX, YMAX and ISYMTRY. 

If passed parameter ISYMTRY is not equal to zero, it is 

assumed that the figure should have bilateral symmetry about figure 

points one and two. Thus, after the figure is appropriately scaled the 

figure is concatenated with itself at figure points one and two to form 

a bilateral symmetric figure. 

Figure Display 

Program DISPLAY is called to graphically display a figure. It 

utilizes four passed parameters (NFIG, XO, YO, IOPTN) to superinqrose 

the figure number NFIG over a rectangular integer array. An integer 

one is then added to all points that lie on or within the figure 

boundaries. In addition, program DISPLAY also adds a boundary around 

the figure display area so that the array bounds will be seen. The 

integer array is printed out when the control parameter IOPTN is set 

to a value larger than one. 
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The scale of the integer array relative to the figure dimen

sions is established by a program COMMON parameter denoted SCALE. Its 

units are number of array locations per figure unit length. If program 

variable SCALE has the value of 6.0 , then a figure segment of one unit 

parallel to the X or Y coordinate axis will span six array points. The 

standard output line printer prints six lines per inch. Six array 

points in the Y direction thus will lie on adjacent printer lines and 

will extend to one printed inch in the vertical direction. 

The standard output printer character spacing along a printed 

line is ten characters per inch. Thus a 36 character square array . 

consisting of six characters on a side will be displayed on the output 

printer as a rectangular 36 character array. This rectangle will 

extend for one inch in a direction normal to the printer lines and only 

0.6 inches in the line printer direction. 

For this reason another control card callable program entitled 

PICTURE* is available. Program PICTURE adds additional integers in the 

printer line direction so that, on the average, six characters will be 

enlarged to ten characters now extending for one inch. Thus PICTURE 

would convert the rectangular 36 character array to a new 60 character 

(10x6) array which on the output printer would again be square. In 

addition, PICTURE enhances printer contrast by printing a five character 

over-print composite which looks like a black rectangular "blob." 

1. Program PICTURE was written by Barbara Fell formerly of the 
Optical Sciences Center, The University of Arizona. 



CHAPTER 6 

RESULTS 

Pattern Recognition 

Pattern recognition is performed utilizing two programs. These 

are program CLASIFY and program LABEL. As was discussed in chapter 

five, program CLASIFY operates upon a given stored figure to obtain a 

figure classification number. Program LABEL then takes this figure 

classification number and determines if it is a member of any of the 

stored pattern classification domains. If so, the pattern name is 

printed, if not the message "NO NAME ASSIGNED" is printed. 

Test Figures 

To evaluate the program CLASIFY two test patterns were devised 

which illustrate all seven of the figure dissection rules and most of 

the subfigure properties (MOSSXY) as well. These two figure and their 

resulting figure classification numbers are given in Figure 6.1. 

To demonstrate classification versatility, a six figure test 

pattern series was designed which is illustrated in Figures 6.2 and 6.3. 

The application of program CLASIFY to each of these six figures yields 

a unique figure classification number. Program LABEL can assign 

separate names to each of the six figures or it can assign a single 

name TESTFIG. If the single name is applied it indicates that each of 

the six different figures are a member of the TESTFIG family of figures. 

67 
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Figure 6.1 Program CLASIFY Test Patterns with Resulting Figure 
Classification Numbers. 
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Figure 6.2 Classification Versatility Test Patterns A, B and C. 
(Top to bottom) 
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Figure 6.3 Classification Versatility Test Patterns AC, BC and CC 
(Top to bottom) 
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Table 6.1 gives the classification numbers and corresponding 

names for the TESTFIG family. The first classification number having 

the name TESTFIG is a term by term Boolean sum ("OR" operation) of the 

other six classification numbers. Therefore, if this pattern classifi

cation name and number is stored first in the program LABEL library, 

the name TESTFIG results when any of the six TESTFIG family classifi

cation numbers are examined by program LABEL. If the converse is true 

(TESTFIG name and classification number last), or if the TESTFIG name 

and number is missing, then individual names result for each of the six 

individual figures. 

Bilateral Symmetric Figures 

Table 6.2 lists all the program LABEL pattern classification 

names and numbers used to evaluate pattern recognition performance. 

All the figures of Figure 6.21 and 6.22 were operated on by program 

CLASIFY and program LABEL. In each case the resulting name was 

AIRPLANE. These figures have 19 different figure classification 

numbers, but they are all members of the one pattern classification 

family AIRPLANE of Table 6.2. 

Figure 6.4 shows one of the real airplane figures of. Figure 6.20 

as displayed by the system. Figure 6.5 shows the actual airplane photo 

and an observer's line drawing. Figure 6.4 also shows the resultant 

classification number of this airplane after it has been taken apart by 

program CLASIFY. Application of program LABEL yielded the figure name 

AIRPLANE. 



Table 6.1 Figure Classification Names and Numbers for the TESTFIG 
Family of Six Figures. 

TESTFIG 0. 02. ,012152361. ,000154311 

TESTFIGA 0. 02. ,002142141. ,000114211 

TESTFIGAC 0. 02. 002142121. 000114211 

TESTFIGB 0. 02. 010142141. 000114111 

TESTFIGBC 0. 02. 010142121. 000114111 

TESTFIGC 0. 02. 002112221. 000144111 

TESTFIGCC 0. 02. 002112241. 000144111, 
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Table 6.2 Classification Names and Numbers. 

Utt 
OtOMZN 
YAVAPAI 
MOM 
LIBIMT i.ii.Diamizz.iiDmiu.iitiMiu* 
UIIM i.ir.aiiutm.Miiutm.titmiM.aamiiti.dzamzM.iiBittuMiamm. 
NOHAVC a.as.aaiunzd.aatmiM.aaimiM.aaiuiin.jaaiMZu. 
AUTOHMILC a.afc.aa2»z«22.aaz2M̂ .aiautiu*iafltMiu. 
AIWLANE 
M.ANEFRONT 
PLAMCSIOC 
RSTFK a.a2.ain»3»i.aaimui. 
TESTFIGA a.aziaaâ iM.aaamzit. 
TCSTFICAC a.aMazuziu.iiaumt. 
TESTFIM a.az*aiî z»i.iaamm. 
icsTFXfiae 
TCSTFZCC a.tt.aazuzzzi.aaaimu. 
TCtTFICCC aiat.aaztizM.aaiiMm* 
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Figure 6.4 Boeing 720 with Figure Classification Number. 
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Figure 6.5 Photo and Observer's Line Drawings of Boeing 720 
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By inserting the feature variable mean figure construction 

vector and covariance vector, which were vised to generate random plane 

type figures, it is possible to evaluate the typicality index for the 

figure. Applying program TYPICAL to the airplane of Figure 6.4 yielded 

to four significant digits a typicality index of 1.032. Thus this real 

airplane figure occupied a point a distance, in the 16 variate random 

figure generation hyperspace, of approximately one standard deviation 

from the mean along each orthogonal coordinate. 

Figures Without Bilateral Symmetry 

In Figures 6.6 and 6.7 are shown a number of figures classified 

as being without bilateral symmetry. The classification name applied 

by program LABEL is given in each figure caption. The corresponding 

classification numbers are listed in Table 6.2. With the exception of 

AUTOMOBILE of Figure 6.7, the other figures were taken from the 

University of Arizona building map of Figure 6.8. 

Figure Classification Obliquity Invariance 

In order to demonstrate relative silhouette figure classifi

cation invariance with object obliquity, airplane model silhouettes 

were studied at varying angles of view. Figure 6.9 shows three figure 

silhouettes which were displayed and classified by the system. 

Figure 6.10 gives the system displayed silhouettes for the 

front view profiles along with the resulting figure classification 

numbers. The system yielded a classification name of PLANEFRONT for 

each of these figures. 

.t 



Figures OLDMAIN, YAVAPAI, HOPI and LIBRARY. 
Read left to right and top to bottom. 



Figure 6.7 Figures KAIBAB, MOHAVE, LAW and AUTOMOBILE. 
Read left to right and top to bottom. 
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Figure 6.8 Extracted Portion of University of Arizona Building Map 
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Figure 6.9 Front View Airplane Model Silhouettes at Varying Angles of 
View. 
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MMMMMIIMI •NHIHINNINlNUIiaUHaHNtHNK nnifhnmnfniihhiimnw 

1.06.000141114.000122114.000121214.000121111.000124112.000121222. 

hiinhni 
mmimmm iininhh NNMINHHHNIIMNlHIIIIIHIMIHin WHHHMUHHItMlltllUMMMIMHMimUMi hhhiiiiihiiihmiihnihnnnnn ••hnihnmhnnn 

1.06.000141114.000122114.000121114.000141111.000124111.000141112. 
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MWiWIMMMMHHMIIHHMHM •SMIMMllMNMaH 
•ft 

1.06.000141114.000122114.000121114.000141111.000124111.000141112. 

Figure 6.10 System Displayed Silhouettes for Front View Airplane Model 
Profiles with Resulting Figure Classification Numbers. 



In the same way Figure 6.11 shows side view figure silhouettes 

with Figure 6.12 giving the system displayed figures and the resulting 

classification numbers. Program LABEL assigned each of these the 

classification name PLANESIDE. 

Random Figure Generation 

Perhaps the most important missing ingredient in past descrip

tive pattern recognition work has been the inability of the designer to 

sufficiently test, probe and correct his machine classification model. 

The designer has not had the machine demonstrate with pictorial image 

instances, how it envisions a particular pictorial image class. 

Random figure generation by the machine is the key to closing 

the man machine pattern recognition loop. Figure 6.13 through 6.15 

shows an example of the evolution of a machine's concept of airplane. 

In each case the designer intended to communicate to the machine a 

complete concept of the figure class. 

Figure 6.13 contains machine generated random instances of the 

machine's pattern classification model. Note that hardly any of the 

generated figure instances have the appearance of common aircraft plan 

view silhouettes. 

The pattern class model of Figure 6.13 was then modified by 

adding additional constraints. The resulting machine random generated 

instances shown in Figure 6.14 are a great improvement indeed over the 

first attempt. Here the figures were constructed from a series of 

sixteen independent structural parameters, including: initial wing 

angle, nose width to.length ratio, tail length to width ratio, etc. 



83 

Figure 6.11 Sideview Airplane Model Silhouettes at Varying Angles 
of View. 
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•ifc-

III' 

0.05.001142121.002141141.010141114.100141124.000144111. 

I 

0.05.001141121.002141141.010142114.100141124.000144111. 

0.05.001141121.002141141.010142114.100141124.000144111. 

Figure 6.12 System Displayed Silhouettes for Side View Airplane Model 
Profiles with Resulting Figure Classification Numbers. 



Figure 6.13 Machine Pictorial Instances from First Attempt: 
Class Description. 

Airplane 



Figure 6.14 Machine Pictorial Instances from Second Attempt: Airplane 
Class Description. 
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Figure 6.15 Machine Pictorial Instances from Third Attempt: 
Class Description. 

Aixplane 
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The consequences of assuming that each randomly generated structural 

property is independent of all other properties is immediately apparent. 

For example planes exist with large square tails and planes also have 

highly swept-back wings, but these two properties do not exist on the 

same plane. In other words, the assumption of independence for each of 

the dimensions of the sixteen term figure construction vector is a poor 

assumption. 

In the third attempt, shown in Figure 6.15, the same sixteen 

term figure construction vector properties were used but the assumption 

of independence was removed. Here the statistical interrelationships 

between figure construction variables were defined by a sixteen by 

sixteen covariance matrix. In addition, a sixteen term mean figure 

construction vector was used to set the nominal values. 

By computing the Eigenvalues and Eigenvectors of the covariance 

matrix, an orthogonal Eigenspace was defined where the terms of the 

transformed figure construction vector are independent. In this space, 

normalized for convenience, random figure generation is performed 

starting with sixteen random unit variance gaussian distributed numbers. 

Transforming these numbers to real space and performing a term by term 

addition to the mean figure construction vector yields a sixteen term 

figure construction vector instance. 

Figure 6.15 gives random instances of this figure generation 

model. Note that in every case the randomly generated figure has the 

subjective appearance of an airplane planview silhouette. 
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Direct Pattern Class Specification 

The discussion above indicated that a successful method of 

random pattern class model specification was obtained using a defining 

mean figure construction property vector and a covariance matrix. The 

covariance matrix can be uniquely defined by a correlation matrix and 

a standard deviation vector or 

COVAR.. = S. S. CORR.. ij i } 13 

where COVAR̂  is the term of the defining covariance matrix, CORR̂  

is the corresponding term of the correlation matrix and Sj is a 

standard deviation of one figure construction defining parameter. 

Figures 6.16 through 6.18 give three examples of single random 

figure generation from a directly specified covariance matrix model. 

In these examples the random variables are the X and Y coordinates of 

the figure upper and lower right intersection points. We note that 

in Figure 6.16 there are two dominant Eigenvalues where as in Figure 

6.17 and 6.18 there is only one. The number of dominant Eigenvalues 

determines the number of degrees of freedom or independent variables of 

the model. 

In specifying a covariance matrix in terms of the standard 

deviation and the terms of the correlation matrix, care must be 

exercised not to overconstrain the correlation matrix. If the 

correlation matrix is overspecified then negative Eigenvalues will 
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Figure 6.16 Figure Construction from Directly Specified Covariance 
Matrix and Mean Figure Construction Vector I. 



91 

mm vccTOt 

lilllHH iiHiim l.iiiiHi o.ooooooo 99 

iunoiw deviation vceroff 

• illlMII *0010000 

coftftlatfon matrix 
I.II0HII 
•••IIHII l.lllllll •(IMIIOI 0*0091000 lilllHH CtVCNST 

•0000000 
•illOUII illfllio •iiriiiie i.tiftiio 

(I9CNVAUJC VICTOR 

ilWHIl il 

1*0009000 0*0100001 

•0*09000 
0*0000000 

*0000010 

8 
•OIIIIIOMHINIMaiMMIIIfNOHUINOIIOONNNIHIlNM 

BB 900000000000000000000000000000000000000000000000090B9999 99 

m ooooooiooooooooiooooioooiooooooiooooooooooooooohiooH 90 
99 90000000000000000000000000000000000000000009B99B9999 99 
99 9000000R00000000000000090B000000000000000000899 • 
99 909000000000000000000000000000900000090000999991 99 wiiiiiiimniiMiiiiiiiiiiiMiiiimiiimm 
99 9000000000000000000000000000000009009009099999 99 
99 99000000000000090000000000000000901999999999 99 
99 990000000000000000000000000000000909909999 99 
99 09000000000000000000000000000009090999999 99 
99 990000000000000l00000000000000lf1019999 99 
99 ooooooiooiiioamoooooooooooooooooo99 99 
99 100000000000000100100000000000001999 99 
99 IOO0O0OO0OO0O0O0OO00O0O0000O0I0999 99 
99 900000000000000IOOOOOOOOIOIIII99 99 
99 9000000000000000000000001019999 99 
99 90000000000000990000900909999 99 
99 900000001000000100099999999 99 
99 90000000000090090999919999 99 

0000000999 99 
99 
99 

a 

ooooopoooooooioiooooiooooooiom^ 
000000000000000000001000000001099999 99 
9000000000000001001010009001099999999 99 
•OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOON99999 99 

99 
8 

90M 
> 
B 
099 
•999 
0999 
IB9999 
IB090999 

8 
OBBOOOOOOOOOOOOOOOOOOOOOOOOOOOBOOOBOBOBOBOOOB9BOBl99 99 

99 99000000000000000000000000000000000000000H009BH98999 99 
99 9000000000000000000BBBBOBBBBOOOOOOOOOOOOBBOOHBB99999999 99 

i99999b99b99b9b99999999h9b999b9b99b999b999b9b999999199999—998 

99 9999OB000000BBBB0BBBBB00000BBBBBBBB0B99B09BB0999999 
99 900000000000000000000000000000000000009900000999999 
99 9990000000000009000000000000000000000000000999999 
99 9MOBB00000000000000000000000000000900BBBBBBB9999 
99 9BBBBOOOOOOOOOOBOOOOBHOOOOOOOOOBBBB009099B9B9999 
99 99B9BBBB0000000000009000900009090BB99B9B9999999 
99 9BBBBBBBBBBOOOOBOOOOOOOBOOOOOOOOBBBB9BBHBB9999 
99 9BOOBBBBBOOOOOOOOOOOOOOOOOOOOOOOOB9B9BBBB99999 
99 99BOBOOOOOOOOOOOOOOOBBBBBBBOOOBB9BOB009999V- " 
99 9990000000000000000000000000000000999999999 
99 99000000000000000000B00000000009BBB9BBB0999 
99 9900000000000000000000000000000000009999999 
99 900000000000000900000000000000999099999999 
99 900000000000000000000000000009000 
99 9HOOOOOOOOOOOOIOOOOOOOOB00000909 
99 9BOOOOOOOOOOOOOOOOOOOOBOOOOOOOIOO 
99 900000000000000000000000000000000 
99 990090000000000B9BBBBOOBBBSB00009 
99 9999099OOBBBOOOOI 

SmmmmmmmmmmmmmmmmmmmmmmmmmmiiiimnS 

Figure 6.17 Figure Construction from Directly Specified Covariance 
Matrix and Mean Figure Construction Vector II. 
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Figure 6.18 Figure Construction from Directly Specified Covariance 
Matrix and Mean Figure Construction Vector III. — The 
correlation matrix was taken from a 16 by 16 real aizplane 
model correlation matrix generated from a training set. 
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result and real generated figures will not be realizable. A simple 

example of clear correlation matrix overconstraint would be if 

CORR12 = CORR2 3 = -CORRi3 = 1. 

where CORR̂  is a term in the correlation matrix. A simple way to 

insure that the correlation matrix is not overconstrained is to use a 

correlation matrix or correlation matrix part obtained from real data. 

The desired parameter constraints can often be established by 

specifying only the parameter means and standard deviations as in 

Figure 6.18. 

Pattern Class Model Specification By Training Set 

Unless a figure is very simple it is often easier to specify a 

figure using a training set of examples. Figure 6.19 gives a simple 

example of random figure generation from a covariance matrix figure 

generation model specified from a training set of sample figures. The 

input variables are intersection coordinates. The training set 

included nine figures. As was discussed in chapter five under program 

VECTADD, the training set was appropriately scaled and the four input 

parameters were given a small perturbation to prevent over constraining 

of the figure generation model. 

Even though the input variable vector contained four terms, the 

resulting Eigenvalue vector contains only one dominant value. This 

means that by using feature variables instead of intersection coordinate 
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variables, the figure model could have been specified in terms of only 

one parameter. In this simple example the single equivalent feature 

variable is the width of the unit heighth rectangle. 

For the pattern class of airplane, a pattern class model 

specification by training set was performed using both feature variables 

and intersection coordinate variables. Random plane instances from the 

feature variable model were used to define the intersection coordinate 

model. 

The feature variable model training set consisted of 22 plan 

view silhouettes of aircraft from Janes All The World's Aircraft (Taylor, 

1964). Reproductions of these silhouettes are given in Figure 6.20. 

A selection of feature variable randomly generated plane figures 

are shown in Figure 6.21. These sixty randomly generated figures were 

used as a training set to define the concept of airplane in intersection 

coordinate variable terms. Sample random figures generated from the 

intersection coordinate model are shown in Figure 6.22. This 16 by 16 

covariance matrix model yielded ten dominant Eigenvalues using a 

dominance threshold of one-thousandth of the first or largest value. 

Thus these random figures could be generated using a 10 by 10 covariance 

matrix model if the proper defining variables were chosen. 

In both Figures 6.21 and 6.22 the random figures are grouped 

together by figure classification number. The typicality index and 

the figure classification numbers for each figure is also given in -

Tables 6.3 and 6.4. 
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In the case of the feature variable pattern class model, the 

estimate of the 16 by 16 covariance matrix was obtained from 60 samples. 

Twenty-two of these samples were silhouettes of Figure 6.20 and the 

remaining 38 were selected random instances generated from a covariance 

matrix model defined by the original 22 samples. This 60 sample 

covariance matrix model was then used to generate random intersection 

coordinate variable figures, 60 of which were used to specify an 

intersection coordinate variable 16 by 16 covariance matrix model. 



Figure 6.20 Plan View Silhouettes Used as Training Set for Feature 
Variable Airplane Model Definition. 
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Figure 6.21 Randomly Generated Feature Variable Airplane Type Figures 

Defined by a 22 Figure Training Set of Real Aircraft Plan 
View Silhouettes and 48 Additional Figures Randomly 
Generated from the Original 22. — See Table 6.3. 
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Figure 6.21, continued. Feature Variables 
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Figure 6.21, continued. Feature Variables 
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Figure 6.21, continued. Feature Variables 
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Figure 6.21, continued. Feature Variables 
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Table 6.3 Typicality Index and Classification Nvunber as a Function of 
Image Position for Aizplane Silhouettes of Figure 6.21. 
(Where the classification number is not given, it is the 
same as above.) 

Image 
Position 

Typicality 
Index 

Figure Classification Number 

A 1 .899 1.04. 000121114. 000141111.000124111. ,000142112. 
A 2 1.199 
A 3 1.270 
A 4 .795 
A 5 1.070 
A 6 .803 
A 7 .998 
A 8 1.164 
A 9 1.246 1.04. 000121114. 000141111.000124112. 000142112. 
A10 .819 
All 1.127 
A12 .956 

B 1 1.038 
B 2 .937 
B 3 .965 
B 4 .823 
B 5 1.087 1.04. 000121114. 000141111.000144111. 000142112. 
B 6 .847 1.04. 000121114. 000141114.000124111. 000142112. 
B 7 .847 
B 8 1.083 
B 9 1.010 
BIO 1.175 
Bll 1.188 
B12 1.457 

C 1 .718 
C 2 1.140 
C 3 .780 
C 4 .957 
C 5 1.027 
C 6 .874 1.04. 000121114. 000241114.000124111. 000242112. 
C 7 1.353 1.04. 000121114. 000141114.000144111. 000142112. 
C 8 1.046 1.04. 000141114. 000141111.000124111. 000142112. 
C 9 .946 1.04. 000121114. 000142111.000124111. 000141112. 
CIO .857 1.04. 000121114. 000142114.000124111. 000141112. 
Cll 1.019 
C12 .771 
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Table 6.3 (Continued) 

Image 
Position 

Typicality 
Index 

Figure Classification Number 

D 1 1.189 1.04.000121114.000142114.000124111. 000141112. 
D 2 .998 
D 3 1.231 
D 4 1.172 
D 5 1.347 
D 6 1.044 
D 7 .909 
D 8 1.360 
D 9 1.030 
D10 1.072 
Dll .831 
D12 1.198 

E 1 .884 -

E 2 1.027 1.04.000141114.000142114.000124111. 000141112. 
E 3 .905 
E 4 1.347 1.04.000122114.000141111.000124111. 000141112. 
E 5 .987 
E 6 1.203 
E 7 1.106 1.04.000122114.000141111.000124111. 000141112. 
E 8 .914 1.04.000122114.000141114.000124111. 000141112. 
E 9 .926 
ElO .942 
Ell .914 
E12 1.076 1.04.000122114.000141114.000144111. 000141112. 
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Figure 6.22 Randomly Generated Intersection Coordinate Variable 

Airplane Type Figures Defined by a Sixty Figure Training 
Set of Randomly Generated Feature Variable Airplane Type 
Figures. — See Table 6.4. 
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Figure 6.22, continued. Intersection Coordinate Variables 
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Figure 6.22, continued. Intersection Coordinate Variables 



/ 

/ 

108 

* 
* * + 
& ± 

M 11 

A 

Figure 6.22, continued. Intersection Coordinate Variables 
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Figure 6.22, continued. Intersection Coordinate Variables 
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Table 6.4 Typicality Index and Classification Number as a Function of 
Image Position for Airplane Silhouettes of Figure 6.22. 
(Where the classification number is not given, it is the 
same as above.) 

Image 
Position 

Typicality 
Index 

Figure Classification Number 

A 1 1.026 1.04.000121114.000141111.000124111, .000122112. 
A 2 .964 1.04.000121114.000141111.000124111, .000142112. 
A 3 .874 
A 4 .772 
A 5 .985 
A 6 .987 
A 7 1.038 
A 8 1.188 
A 9 1.010 
A10 .942 
All .903 
A12 1.019 \ 

B 1 .926 1.04.000121114.000141111.000124112. ,000142112. 
B 2 1.127 
B 3 .956 
B 4 .937 
B 5 .965 
B 6 1.246 1.04.000121114.000141114.000144112. ,000142112. 
B 7 1.209 1.04.000121114.000141114.000124111. 000142112. 
B 8 .982 
B 9 1.044 
BIO .899 
Bll .914 
B12 .847 

C 1 1.075 
C 2 1.172 
C 3 1.172 1.04.000141114.000141111.000124111. 000142112. 
C 4 .676 1.04.000121114.000142111.000124111. 000141112. 
C 5 1.292 
C 6 1.353 1.04.000121114.000142111.000144111. 000141112. 
C 7 .847 1.04.000121114.000142114.000124111. 000141112. 
C 8 1.027 
C 9 .795 
CIO 1.246 
Cll 1.170 
C12 .771 
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Table 6.4 (Continued) 

Image 
Position 

Typicality 
Index 

Figure Classification Number 

D 1 1.360 1.04.000121114.000142114.000124111. 000141112. 
D 2 .998 
D 3 1.198 
D 4 .693 
D 5 1.264 
D 6 .936 
D 7 .742 
D 8 1.168 
D 9 1.046 1.04.000121114.000142114.000144111. 000141112. 
DIO 1.083 
Dll 1.202 
D12 .905 1.04.000141114.000142111.000124111. 000141112. 

E 1 1.270 1.04.000141114.000142114.000124111. 000141112. 
E 2 1.231 
E 3 1.078 
E 4 .998 
E 5 .831 1.04.000122114.000141111.000124111. 000141112. 
E 6 1.102 
E 7 .951 1.04.000122114.000141114.000124111. 000141112. 
E 8 .885 
E 9 1.284 
ElO .940 
Ell 1.347 
E12 1.076 



CHAPTER 7 

DISCUSSION, CONCLUSIONS AND RECOMMENDATIONS 

This chapter contains a discussion of the performance of the 

previously described and developed pattern recognition computer program. 

Conclusions and recommendations for further study and development are 

given. For ease of reference, the material in this chapter is arranged 

by subject. 

Pattern Classification 

The main topic of this study is the classification of pictorial 

patterns into established classification categories by descriptive 

techniques. The preceding chapter gives a number of examples of figures 

which were classified and given the name of a preestablished pictorial 

category. 

This method classifies patterns according to the presence or 

absence of measured pattern properties. In this sense it is similar to 

a key word index file; the object itself is not classified, but is 

dissected into parts, which are tested for the presence of predetermined 

properties. This procedure is much the same as the classification of a 

written article by key word descriptors. 

The limitations of this classification method are mostly those 

of available resources, time and ingenuity in descriptor selection. 

In other words, a member of any physical object class can be correctly 

112 
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classified if enough property descriptors characterizing the object 

class are obtained. 

The functioning system described in this paper does, of course 

have more limitations than the method of which it is a part. Some of 

these can be listed as follows: 

1. The program only performs shape discrimination on object 

silhouettes where the boundary is defined by a closed set of connected 

straight lines, and has been separated from its environment. 

2. Only seven dissection rules for non-symmetric figures and two 

for symmetric figures were implemented. 

3. The system assumes that figures with bilateral symmetry are 

positioned and oriented such that the symmetry axis is the Y axis. 

4. Subfigures with complex concavities have not been provided for. 

(An example of such a figure would be a concavity within a concavity.) 

In addition, the program will handle only single bilateral symmetric 

figures with IAL points separated from the bilateral axis by internal 

figure portions. 

5. All possible figures which make up a pattern class must have 

the same number of subfigures. Multiple pattern classes can, though, 

have'the same or similar name or label. The pattern class names 

AIRPLANE, PLANEFRONT and PLANESIDE (Table 6.2) are examples of getting 

around this problem by defining new pattern classes with the same or 

similar pattern class names. 

In any real system, first consideration should be given to the 

nature of the families of objects to be studied. Also, the nature of 
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the raw data should be carefully considered. Then the necessary 

filtering and data preparation programs can be written to present the 

data in a form that is easy to use. Next the class of dissection rules 

and property extractors can be assembled so that classification 

discrimination is sufficiently fine. 

Random Figure Generation 

Random figures were developed according to an N-variate Gaussian 

probability density model. The model can be established by either of 

two methods. The first is direct specification of the defining covar-

iance matrix. The second (usually easier) is by curve fitting the 

histogram of a training set of typical figures. These methods of 

pattern class establishment are very powerful because they allow the 

user to receive pictorial instance feedback on the nature and bounds of 

his classification model. 

Some problems occur in the utilization of a Gaussian model to 

represent an envisioned object class. The probability density curve of 

an individual property is not necessarily Gaussian. Using, for example, 

the property of length to width ratio of a subfigure, it may be desired 

that the variation from the most likely value in one direction be very 

large and very small in the other direction. If this property is 

established by a training set, the program fits the histogram data of 

this property with a Gaussian curve. Even though all of the length to 

width ratio instances of the pattern training set are positive, because 

of the non-symmetric histogram the Gaussian fit can have a significant 

area in a property range where the property is not physically 
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realizable. In this example, a figure cannot be constructed with a 

negative length to width ratio. In practice if the program attempts to 

do this, the program either halts because of an illegal operation error, 

or it violates the rule that figure lines cannot cross. 

Not all figure generating properties have this problem. For 

some properties, figures can be constructed containing a large positive 

or negative variation in the property without producing figures which 

cannot be constructed. An example of a property of this type would be 

the initial or front wing angle of an aixplane silhouette. Several of 

the figure class instances in Figure 6.21 and 6.22 contain forward . 

swept wings, even though the training set (Figure 6.20) contained no 

such figures. The airplane figure training set did, however contain a 

number of instances with nearly zero wing sweep. Thus the Gaussian 

model of this property pulled a compromise between the zero sweep high 

probability incidence and the large positive sweep and fitted the curve 

in such a way that the incidence of negative sweep was still 

significant. 

A good solution for this problem would be to implement a 

mapping of the training set histogram into a Gaussian shape. The 

random figure instances would be generated in this domain. Then, the 

generated figure instances would be transformed back into the real non-

Gaussian histogram domain for figure construction. The solution 

employed in this study was, however, much simplier. If the generated 

figure could be constructed, it was; hence, the forward swept wings in 

Figures 6.21 and 6.22. If the figure instance contained figure 
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construction values that were not realizable, such as a negative length 

to width ratio, the figure instance was either discarded or a realizable 

minimum value was used. 

All of the random variable airplane type figures came originally 

from a training set of only 22 instances. This was accomplished in 

several steps. First the training set of 22 was used and a large number 

of random instances were constructed. Because of the small sample size 

many of these figures did not, by subjective evaluation, closely 

resemble the parent training set of figures. The program user then 

selected those randomly generated figures which best fitted his 

subjective concept of airplane and added them to the original 22 to form 

a larger training set. 

Typicality Index 

The values of typicality index for the randomly generated 

figures of Figures 6.21 and 6.22 are given in Tables 6.3 and 6.4. 

Comparing the figure instances with their typicality indices it can be 

seen that, in general, figures with larger typicality indices look more 

unusual. This, however, is not always the case. For example, to three 

significant digits, the typicality index for both image C-7 and D-5 

of Figure 6.21 is 1.35. But the D-5 image appears much more "typical." 

This can occur because of the way in which the typicality index is 

defined. 

The typicality index is confuted in the random figure gener

ation orthonormal Eigenspace; then, to construct the figure instance, 

each coordinate is scaled by the square root of the Eigenvalue and 
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transferred back to figure space by Eigenvector relations. If all the 

Eigenvalues were of the same magnitude, the problem introduced in the 

proceeding paragraph would not exist. In this example the numerical 

values vary by a factor greater than 105. This means that a large 

random number for a small Eigenvalue coordinate will have negligible 

effect on the subjective typicality of the figure appearance. 

If the N dimensional (in this case N=16) hypercube from which 

tjie typicality index is computed were first scaled by the square root 

of the Eigenvalues, then, for the construction model of Figure 6.21, the 

typicality index would no longer be independent of scale but would be a 

function of the property scale values. If, as in the case of Figure 

6.22, the dimensions of all figure construction parameters were the 

same, then this method would present no problem since all Eigenvalues 

would have the same units. Random figures then could be generated in 

an orthonormal space, but the typicality index would be computed in 

unnormalized Eigenspace. 

In passing, it is interesting to note that since the instances 

of both Figures 6.21 and 6.22 each have 16 construction variables, 

where they have the same random number starting value, they have the 

same typicality indices. Two examples of this duality are B-6 of 

Figure 6.21 and C-7 of Figure 6.22 (Typicality index = 0.847) and E-12 

of Figure 6.21 and E-12 and Figure 6.22 (Typicality index = 1.076). 

Code Capacity 

The classification scheme developed here is very flexible in 

that any consistent list of determinable properties can be selected. 
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In addition, as many properties as desired (consistent with the size of 

the computer, the operations budget and the design time available) can 

be used. Therefore any size figure classification code capacity can 

in theory be obtained. The number of unique allowable figure classifi

cation numbers is a measure of the code capacity of the classification 

method. 

For a very sinple figure which cannot be dissected into sub-

figures, the figure classification number contains only one 9 digit 

term plus the two additional short terms for symmetry and number of 

subfigures. This figure would then have three possible orientation 

states and three shape states. Therefore, considering also the two 

possible symmetry states, there would be only 18 (2*3*3) possible 

unique, one subfigure, classification numbers. 

We will now repeat this argument for all possible figures with 

two subfigures. Again there exists two symmetry states, and now both 

subfigures would have 3̂  unique states. This is because there are now 

three states each for orientation, size, shape and X and Y position. 

(For simplicity we will neglect the effect of multiplicity.) Thus with 

the 7 dissection rules, the two subfigure classification scheme would 

have 

2*7*3S*35 = 14*310 = 826,686 

unique figure classification numbers. In like manner, but expanding to 

K possible subfigures, the number of possible states would be 
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(2/7)*(7*35)K = 103,23K ' 0,54 . 

Thus for K=10 , the number of possible unique figure classification 

number states 

S = 1032.3-0.54 = 1031.8# 

Symmetry Test 

One of the basic simplifying assumptions used in this study was 

that all test figures were appropriately preoriented and shifted. 

Hence, for all figures prepared with bilateral symmetry, the sum of the 

X coordinate values will be r.ero. For this reason none of the figures 

of Figure 6.6 and 6.7 fit the bilateral symmetry test since they were 

not preoriented about the Y axis. They were classified according to 

the non-bilateral symmetric dissection rules. 

Conclusions 

The descriptive pattern classification procedure described in 

this work outlines a powerful tool for categorizing a large variety of 

diverse objects into discrete pattern categories. It demonstrates high 

discriminatory power between an essentially unlimited number of pattern 

classes. The user is free to specify a pattern class in an iterative 

fashion, with the machine providing pictorial instance feedback to his 

specification. Once a model of a pattern class has been developed, the 
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program can recognize unknown patterns of this class, with the program 

providing a dimensionless typicality index. 

Within the constraints of the project definition, the developed 

descriptive classification system operated upon a series of figures 

obtaining for each a classification number and an alphanumeric label or 

name. This classification method utilized, in a Boolean string repre

sentation, a series of figure dissection rules as well as elementary 

subfigure properties. 

The categorization system allows for a precisely defined 

latitude of figure properties to exist, all within a single pattern 

class. To accommodate a wider range of properties, such as a change in 

the number of elementary subfigures caused by a change in object 

obliquity, additional classification categories were established with -

similar classification names. 

The performance of the classification system was demonstrated 

using a series of real airplane, building and automobile silhouettes. 

For each silhouette a multitermed octal classification number was 

obtained as well as the correct classification name. The object 

classification was found to be relatively insensitive to change in 

obliquity factor caused by examining the object silhouette for varying 

angles of view. 

No attempt was made to optimize the developed computer program 

for minimum computer execution time. User convenience and logic 

simplicity were considered to be more important. Even with the above 

lack of cost emphasis the cost to generate all figure data of this 
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report was less than $500.00 using the University of Arizona CDC 6400 

computer. 

This classification system for pictorial patterns has added two 

unique contributions to the state of the art. First, a method was 

developed to close the man-machine communication loop thus establishing 

congruence between human and machine pictorial pattern description 

spaces. Second, high discriminatory power within an essentially 

unlimited number of discrete pattern classes is possible; yet substan

tial latitude is allowed the user to determine what pictorial object 

characteristics should be admitted to the same pattern category. 

Recommendations for Further Research 

1. Develop a series of image processing programs which will 

separate figures from "real world" background conditions, filtering out 

unused pictorial data. 

2. Develop a program to perform edge smoothing, removing small 

edge trace perturbations and "insignificant" pictorial domains. Then a 

figure with a collection of straight lines of reasonable length would 

be presented to the figure classification program previously described. 

3. At times pictorial figure information is somewhat poorly defined 

due to poor imagery or object obstructions. (A shadow is on part of 

the object or a part is under a tree or inside a building.) It would 

be desirable to have the ability to classify figures where some of the 

figure data is missing or is uncertain without first going to compli

cated image restoration programs. 
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4. Extend and adapt the subfigure property list and dissection 

rules to the classes of figures and media chosen for investigation. 

Other appropiate features such as texture and additional shapes could 

be added to the classification property list. 

5. Add a program that maps histograms of general shape into a 

Gaussian distribution form and vice versa. This general mapping • 

program will then permit random figure generation to be performed from 

the actual training set histogram rather than a "Gaussian fit." 

6. Add a more elaborate multiplicity check which compares one 

subfigure with another at variable rotation angles and requires 

subfigure side by side congruency. 

7. For refined discrimination, such as to answer the question 

"What kind of airplane?", prepare a series of statistical classification 

routines which are called after the descriptive classification categoxy 

has been found. 



APPENDIX 

PROGRAM USERS GUIDE 

The program users guide gives information not contained in the 

program development and description chapter and which should prove help

ful to the program user. The program order follows generally the same 

sequence as in the program development and description chapter. Command 

card formats are given followed by a short word description of the 

command card function. 

Command Control Card Rules 

1. A command control card initiates a program function. The first 

field of this card contains four to ten alphanumeric characters. Only 

the first four of these characters are necessary and these must be 

alphabetic. Exception: The first field of the intersection coordinate 

data entry card is an integer (the data figure number). 

2. The fields of all command control cards are in blank separated 

free field format. 

3. Comments or unused alphanumeric data may appear to the right of 

all command control cards with the exception of figure intersection 

coordinate data entry cards. 

4. Non-first field command card field names beginning with I,J,M or 

N represent integer or alphabetic constants. Other field names are 

floating point constants. 
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5. It is assumed that the user guide reader is somewhat familiar 

with the FORTRAN programming language. 

Information Extraction from Figures 

DISSECTION NFIG 

Figure NFIG is dissected into subfigures according to the 

series of dissection rules described in chapter 5. The resulting 

subfigures are then stored in assending order starting with figure 

location number one. (In figure one is stored the first subfigure 

removed.) 

ANALYZE NEWFIG XC YC 

Subfigures one through NEWFIG are analyzed for Multiplicity, 

Orientation, Size, Shape, X Position and Y Position (MOSSXY). XC and 

YC are the centroid coordinates of the parent figure. 

FNDAREA NFIG N1 N2 AREA XC YC 

The area of the subfigure of figure NFIG, starting with point 

N1 and ending with point N2, is found. If either XC or YC is initially 

nonzero, the program also confutes the coordinates (XC and YC) of the 

subfigure centroid. 

Pattern Recognition 

CLASIFY NFIG 

The figure classification number, for figure number NFIG, is 

constructed, This subprogram utilizes subprograms DSSCTN and ANALYZE. 
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LABEL 

The program determines if the current figure classification 

number is a member of a pattern classification domain. If so, it prints 

out the pattern class name. If not, it prints: "NO NAME ASSIGNED." 

TYPICAL NFIG 

The typicality index is computed for the scaled figure NFIG 

from array VECTORS ((NFIG,J),J=1,NC0LS). The corresponding Eigenvector 

and mean figure construction vector must exist in memory prior to the 

typicality index computation. 

Random Figure Generation 

FIGJEN NFIG 

The program generates a random figure and stores it in figure 

NFIG. Current numerical values are used from the random number 

generator, the mean figure construction vector and the scaled 

Eigenvector matrix. 

PLAEN NFIG XMAX YMAX MFIG 

The program generates a bilateral symmetric random airplane 

figure inside a 2*YMAX by YMAX rectangle. The subprogram requires 16 

terms of a feature variable figure construction vector. If MFIG is 

blank or zero, this vector data must follow the PLAEN command card in 

6F12.0 format. Otherwise, (MFIG > 0) this data is obtained from the 

intersection coordinate values of figure MFIG starting at location 

three. 
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CVRCNST IOPTN 

The program constructs covariance matrix, correlation matrix, 

standard deviation vector and mean figure construction vector from 

NVECTRS sets of data points stored in array VECTORS. If I0PTN=1 , it 

punches the mean figure construction vector, the standard deviation 

vector and the correlation matrix in program CORRADD data entry format. 

EGVCNST IOPTN 

The program constructs a Eigenvalue vector and a scaled Eigen

vector matrix from the stored standard deviation vector and correlation 

matrix. If I0PTN=1 , the program punches a mean vector, an Eigenvalue 

vector and a scaled Eigenvector matrix in program EIGNADD data entry 

format. 

VECTADD NFIG IOPTN 

The program enters from figure one through NFIG, vector data 

into array VECTORS starting at vector array location 1+NVECTRS*IOPTN . . 

The input data is shifted, rotated and scaled in such a manner that the 

first two data coordinates become 0,0 and 0,1 . 

CORRADD NCOL 

The mean vector, standard deviation vector and correlation 

matrix are read in data entry card format (4F20.0). NCOL is the number 

of terms in each vector column. 

EIGNADD NCOL 

The mean vector, Eigenvalue vector and scaled Eigenvector matrix 

are read in data entry card format (4F20.0). NCOL is the number of 

terms in each vector column. 
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RANSET RNB 

The random number generator base is set to RNB. 

Figure Definition, Manipulation and Display 

Figure Definition 

^ X1Y1 X2Y2 XkYk 

CONTINUE Xk+1Yk+1 Xn Yn 

Notes: 

1. NFIG is an integer constant (1 <_ NFIG <_ 20) having a value 

between 1 and 20. It is the figure number of the location where the 

subsequent figure coordinate values are stored. X and Y are floating 

point intersection coordinate values. 

2. The CONTINUE command allows for additional figure points to be 

inserted beyond which could be placed on one command card. Any number 

of continuation cards may be added consistent with note number four 

below. 

3. A general set of intersection values X̂  and Ŷ  must both appear 

on the same data insertion card. 
i 

4. A figure may have no more than 50 intersection coordinate point 

locations. 

Example: 

1 5.2 2.6 4.5 5.7 5.3 7.2 

CONT 7.2 6.5 8.1 3.5 

CONT 8.9 2.1 6.2 1.3 3.1 .5 
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Figure Manipulation 

SHIFT NFIG SX SY 

The figure number NFIG is shifted by an X value SX and a Y value 

SY. 

ROTATE NFIG THETA 

Figure NFIG is rotated by THETA degrees (Positive is CCW). 

SCAEL NFIG XK YK 

Figure NFIG is scaled by XK and YK. 

REORDER NFIG NCYCLES 

Figure NFIG is reordered by NCYCLES. 

CMBIEN NFIG 

Figure NFIG points, which lie upon a straight line and are 

adjacent, are combined. 

COPY NFIG IFIG 

The contents of figure IFIG is copied to figure NFIG. 

RECORD NFIG IOPTN 

Figure NFIG intersection point coordinates are recorded. If 

I0PTN=1 , the program also punches this data in data entry format. 

CONCAT NFIG N1 N2 MFIG Ml M2 IOPTN 

Figure NFIG is concatinated at points N1 and N2 to figure MFIG 

at points Ml and M2. If K)PTN=0 , printed output is suppressed. 

PREPARE NFIG XMAX YMAX ISYMTRY 

Figure NFIG is prepared for display by scaling it to just fit 

inside an XMAX by YMAX rectangle. The program assumes that the 
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coordinate minimum values are zero. If ISYMTRY=1 , figure NFIG is 

concatinated with itself to form a bilateral symmetric figure. 

RDCLASN N, N_ N NAME 
12 n 

The terms of an additional pattern classification number 

followed (on the same card) by a classification name (10 alphanumeric 

characters or less) are read. Each term of the classification number 

must be separated by one or more blanks. 

PRNTCNN 

All current pattern classification names and numbers are 

printed. 

TIME 

The current accumulated computer central processor (CP) 

execution time is printed. 

Figure Display 

SCALE S NX NY 

The scale value S and display array size NX by NY locations 

are read. The units of S are locations per unit length. In order to 

display a figure, NX or NY must be equal to or larger than S times the 

X or Y array dimension. 

DISPLAY NFIG X0 Y0 IOPTN 

Figure NFIG, shifted in the X direction by X0 and in the Y 

direction by Y0, is displayed. The following IOPTN options are 

available: 

< 1 ,  O u t p u t  p r i n t i n g  i s  s u p p r e s s e d .  
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= 1 ,  A r r a y  I A  p r i n t e d .  

>_ 2, Line print data and array IA printed 

Note: At least one SCALE command card must appear in the data deck 

prior to the first display card. 

PICTURE 

A high contrast over-print picture is formed for the figure 

previously displayed. Note: A display command must be encounterred 

prior to a PICTURE command. 

ERASE 

Display array IA is reset to zero (blank). 
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