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University of Washington
Abstract
LINE STRUCTURE IN GRAPHIC AND GEOGRAPHIC SPACE
By Barbara Pfeil Buttenfield

Chairperson of the Supervisory Committee: Professor John C. Sherman
Department of Geography

The research reported in this dissertation has been baséd on the idea
that a cartographic line is a probabilistic representation of the
geographic feature which it symbolizes. Numeric parameters have been
measured for two orders of structural relationships, and these parameters
have been shown to provide significant distinctions between categories of
cartographic line structure. The categories which have been developed are
not intended as an exhaustive typology of line structure, but rather to
demonstrate that meaningful categories of graphic structure can be defined
numerically, and statistically verified.

Categories for both orders of structure have been summarized
gragaically, as structure signatures, and digitally, by storing parameters
for each category as a computer look-up table. Structure signatures can be
applied to cartographic line generalization in several ways which utilize
the digital look~up tables. One application involves generating lines of
predictable graphic structure, by stochastic modelling technniques. The
other application does not serve to generata line structures, but to
identify them, to provide a means by which threshold criteria may be

automatically set and modified during computer generalization.



Line identification proceeds by matching measured parameters against
parameters stored in the look-up tables. A possible problem arises when a
line is identified which does not match any of the esisting structure
categories. An algorithm is presented which has the flexibility to
incorporate new structures into an existing knowledge base, in effect, to
learn new structures, and to become more proficient in line identification
over time. Intelligent algorithms have been developed for pattern
recognition by other authors, but the contribution of this research is to
provide an intelligent algorithm for a specifically cartographic task,

the automated modification of tolerance criteria during line generalization.
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INTRODUCTION

The purpose of this dissertation is to consider cartographic
generalization as a conceptual transformation of geographic detail into
graphic representation. During the transformation, emphasis is placed on
preserving the accuracy of the graphic information; also important is the
preservation of the overall character, the visual structure of the
geograpnic feature which is represented. The discussion will remain within
the context of line generalization, and will focus in particular on
computer-stored lines. Here, the limits of accuracy are not bounded by
collection technologies, but rather by the costs of storage space and
procassing time. To say that cartogtéphers collact more information than
is needed for accurate representation is an oversimplification, as many
gene:aliz;tion algorithms serve to reduce the volume of information which
is collectad -- efficiency in the cartographic process is only secondarily
important to the discussion at hand.

The cartographer's intention in generalization is to preserve
accuracy, of course . But it is also intended that the graphic
representation which is produced still looks like its geographic
counterpart. Thus accuracy may also be defined within a perceptual context,
whereupon the preservation of recogmizable characteristics is of major
concern. This is more difficult to automate than might first be imagined:
the inductive reasoning by which a cartographer generalizes the
characteristic twists and turns of a fjord coastline, for example, are
quite different than the decisions involvaed in representing the cuspate

look of a sandy beach. A major stumbling block in expressing the kinds of



decisions which are being made is the lack of a consistent and objective
means to describe the character of a line.

It is proposed in this dissertation that the kind of information which
defines the character of a line (be it & fjord or a sandy beach) is
different from the information which preserves geographic accuracy of the
line; and further, that it can be isolated as a get of statistical
parameters. Previous efforts to derive measures of linear character have
proved inadequate, in part because the measures as derived are dependant on
the geographic and/or the perceptual accuracy of the line: a review of
these efforts comprises Chapter 2 of the dissertation. In Chapter 3, the
discussion focuses on the differences between recognition and
representation in graphic space, on the relationship between linear
character and linear structure, and the role of each in automating
generalization.

The remainder of the dissertation is concerned with measuring certain
aspects of cartographic structure, to demonstrate how linear character may
be digitally identified for purposes of computer generalization. The
approach involves an empirical procedure which is used to develop a
parametric model of a line in graphic space. A sample of trial lines
(from the World Data Base) is presented in Chapter 4, and parameters of
structure are derived and measured. The measurements are analyzed in
Chapter 5 to determine the extent to which these parameters distinguish the
character of one line from the character of another. Finally, structural
parameters are presented by which varying line characters may be identified
within the computer, and the techniques used to measure these parameters

are evaluated.



Several applications of this research are briefly discussed in the final

chapter. The first is a direct application to automating line
generalization tasks. When line features of differing character can be
distinguished, tolerance thresholds for automated smoothing or for
simplification can be modifiad without manual intervention. This may

provide more consistent generalized reprasentations of compound lines.
Furthermore, tolerance eariteria can be stored in-core with their
associated structure parameters, providing a guideline for selection as
well as modification of tolerance values. The notion of an algorithm
which is designed to modify its generalization based on changing parameters
of linear character falls within the realm of Artificial Intelligence. One
possible algorithm by which to implement this kind of identification is
presented in this chapter.

A second application marks the point at which generalization and line
generation merge; the identification of line characters may be useful in
stochastic modelling of cartographic lines. Work by Mandelbrot (1982),
Carpenter (1981), Dutton (1981) and other researchers has shown that only a
small number of coordinates are required to produce visually interesting
geographies, many of which portray existing landscapes. The advantage of
producing stochastic models is that only a fraction of the original
coordinate set needs to be stored. Given the capability to isolate line
charactar frem line accuracy, the selection of critical points may be
facilitated. Finally, there are obvious extensions from modealling lines
to three-dimensional modelling and terrain representation, although this

last application will not be considered in the current discussion. What



follows in Chapter { is a brief discussion of traditional generalization

concepts, and 3 more explicit statement of the nrcbiem at hand.



CHAPTER 1
ACCURACY IN GENERALIZATION

To the e=xtent that geographic researeh is concerned with
differentiations between information and error, the role of the
cartographer focuses on maintaining a respectful balance between the two in
graphic display. In the jargon, the intention is to ‘maximize the clarity
of the intended map message' by careful attention to what part is essential
map information and what part is visual or conceptual noise.

The metaphor of information and noise stems from an information
theqretic model of communication (Shannon and Weaver, 194%. In its
strictest application to cartography, the model describes how information
about some real world geographical phenomenon can be encoded into a2
cartographic format, and can then be decoded by a map reader to receive the
intended message (Figure 1.1). The loss of information in the
communication process will be reflected in discrepancias between the actual
geographic pattern, and the realized graphic pattern of the map message.

Two aspects of the metaphor can be considered in the context of
generalization and map accuracy. First, the reduction of information
during the encoding process serves to extract details from the real world,
with the purpose of communicating some particular aspect or spatial
relation. This is the principle underlying the concept of the map as a
graphiec essay; and it is important to consider how the accuracy of the
extracted detail may affect the comnunication process.

The second aspect of the metaphor is the reduction of information
(or noise) during the decoding process. Perceptual Iimitations will

prohibit 3 map reader from processing all of the visual information
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present on the map: there are various reasons why this occurs, which are
beyond the scope of the present discussion. What is important is that
cartographic techniques exist by which information may be transformed to
facilitate map communication (i.e., to construct 3 more ‘accurate’
cartegraphic representation).

The transformation is a kind of filtering process used to achieve a
balance between information and noise; very often, the distinction between
the two becomes somewhat amorphous. For example, if too much detail
appears on a map, the map message may become confusing, as information
becomes visual noise or clutter. Conversely', noise may be used to augment
information. At some points it may become a valuable component in the map
message: this point will come up again and again in the discussion. There
are perceptual transforms, in which graphic compensations are made for
those decoding problems which can be predicted: this is the realm of
psychophysical research in cartography. There are also conceptual
transforms, in which information is filtered to reduce unnecessary detail,
while retaining or even emphasizing what is relevant to the message: and
this is the realm of generalization.

Traditionally, generalization has been broken down into four
components (Robinson and Sale, 1969). In the context of line
generalization, the first component is simplification. This consists of
two parts, selection of line characteristics to eliminate unwanted detail,
and smoothing to modify or reshape a line to emphasize some aspect of its
character. Another component is symbolization, or the graphic coding of
the line character for map representation. Linear character is the

information which identifies a line as a valid representation of a
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geographic feature. In a pragmatic sense, it is geographic location, or
positional accuracy which must be symbolized. Perceptually, however, the
information which should be retained has more relation to angular
change (what is called sinuosity) than with precise coordinate locations
(Attneave, 1959). One of the aims of this dissertation is to consider the
balance between geographic and perceptual accuracy in cartographic lines.

A third component is classification, which is the aggregation or
partitioniné of information into categories. This is an important part of
the generalization process, but will not be directly applicable to the
discussion at hand. A fourth component is called induction; Robinson and
Sale (1949 use this term to d;ascribe the logical assumptions made during
generalization to improve the representation of the line, commenting that
. ..cartographic generalization is essentially a creative act." (Robinson
and Sale, 196%, p.53) The inductive components provide real difficulties
in automating the generalization process, for a variety of reasons which
will be discussed throughout the dissertation.

A (fifth component is proposed for this generalization scheme. It
should be called enhancement, and defined as the purposeful and controlled
introduction of detail which emphasizes a particular aspect of the map
data. ‘Introduction' is perhaps an inappropriate term here: enhancement
is not the bringing in of unrelated information so much as the
anplification of information which is already present. Enhancement may
encapsulate those cartographic situations in which visual noise may add
information to the map message, as follows.

Consider that automated data collection techniques (digitizing, for

example} can provide more detail than is necessary to produce a recognizable



representation of a geographic line at scale. For example, Jenks (1981
has shown that a line plotted with only a small subset of points in its
original coordinate set will often be pérceived as identical to the
original line. What this implies is that more linear detail is being
computer-stored than may be required for recognizable representations.

Consider also that the research of Attneave (1954), Kelley (1977), and
of Marino (1979} has shown that percaptual information is not homogeneous
along the length of a line, but is rather packed into the vicinity of
points of maximum angular deviation. These perceptually critical points
may or may not include coordinates required for geographic accuracy, for
example the points which locate 2 town along a coastline, or the
intersection of two roads. It would appear then that the recognizability
of a cartographic representation is only partially determined by positional
accuracy of coordinates; other components of information (such as
sinuosity, or angular change) are important as well.

What all of this has to do with cartographic generalization relates to
the concept of enhancement. More points are included in graphic display
than may be required, in many situations; and the points which are.mandatory
for geographic and perceptual accuracy are easily identified and separable
from other coordinates in the cartographic line. What kind of information
comprises the remainder of the cartographic line? And also., if this
remainder does not contribute to the accuracy of the line, then what kind
of information does it preovide?

When a representation includes only those points critical to the
accuracy of the line, its visual appearance may be crude, blocky, even non-

geographic. In other words, the line has a measurable accuracy, but it does
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not look like the geographiec feature which it represents. One quickly
concludes that the so-called critical points are necessary but not
sufficient for representing cartographic lines.

It is proposed that this remaining information comprises the visual
character of a line, that character is isolate from geographic and from
perceptual accuracy requirements in a representation, and that line
character can be considered as a statistical or probabilistic phenomenon,
in contrast to the geometric or perceptual phenomenon which it has been
considered in the past. To understand the worth of treating a line on a
map as a probabilistic phenomenon, one should consider work being carried
out in mathematics and geology.

Research wusing fractals and other kinds of stochastic models has
demonstrated that easily recognizable representations of real geographic
terrain can be produced with a very small set of points and a random number
generator (although this is an oversimplification, it will serve for the
purposes of the argument). These stochastic models are constrained to
display lines and landscapes of varying degrees of complexity (Carpenter,
1981; Duttonr, 1981, While perceptually similar to real world geography,
the models are cartometrically useless, due to unpredictable repositioning
of geographically critical points. Although it would be a fairly simple
matter to anchor the position of certain coordinates, work of this nature
has not been reported in the literature. Regardless, stochastic models
have great value in many graphic situations, most notably, as illustrations
for simulating physical processes (Mandelbrot, 1977; Mandelbrot, 1982;
Fournier and Fussell, 1981).

The stochastic models would indicate that for cartograhic lines, the
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remaining information (i.e., what is left after isclating points required
for accuracy) can be approximated probabilistically, as a kind of graphic
filler. What makes these lines Iook like the geographies they simulate is
the constraints on the probabilities, rather than on any particular
coordinate positioning. In other words, lines and surfaces of predictable
visual characters can be produced by quantifiable constraints, and the same
set of coordinates can be used to generate lines of diverse visual
characteristics.

Line generation is merely another component of generalization. It is
presented as an example of enhancement, and of the amplification of
information by visual noise. It stands to reason that if lines of
differing visual character can be generated from a probability
distribution, it should also be possible to generate probability
distributions from measurements of differing characters of cartographic
lines. The value of achieving this lies in the ability of a computer
generalization algorithm to include digitai guidelines by which to identify
the type of line character which should be retained during the process of
representing it on a map.

Guidelines to identify what information is relevant and what is
unnecessary visual noise have not yet been precisely defined, although much
research has been devoted to perceptual and geometric definitions of line
character; these will be discussed in Chapter 2. Consequently, there are
few consistent guidelines to be followed in generalizing a line: this
ewplains in part why generalization has proved so difficult to automate.
And while many algorithms for line generalization exist, it is well known

that each algorithm deals with some kinds lines of lines more accurately
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than with others. McMaster (1983) has shown that the amount and kinds of
dccuracy retained by an algorithm may be determined quite specifically, and
this knowledge will facilitate the computerization of generalization tasks.

However, it is unclear whether such accuracy measures can be related
between lines of differing visual character: one cannot assume that all
cartographic lines contain a standard amount of information, and a standard
amount of error. Until the amount and kinds of information available in a
cartographic line have been expanded beyond the necessary accountings of
accuracy, the success of a generalization can become definable only after
the generalized line is constructed. This is a very passive sort of
analytic strategy, for two reasons.

First, in order to generalize different parts of a compound
cartographic line and retain all of the various recognizable
charcteristics, the line must be broken into pieces, where the line changes

its visual character. Each piece is generalized as a different line, using

different tclerance values. Decisions as to where the line character
changes are not only arbitrary, and subjective, they are plainly
inefficient. This is the first problem of the dissertation research, to

demonstrate a means by which lines of differing charactars may be
distinguished numerically.

Secondly, the process of breaking up a cartographic line implies that
differing visual characters may be manually identified; the second part of
the dissertation analysis will consider how this aspect of generalization
may be automated. The final goal of the research is not to delineate some
exhaustive typology of cartographic line structures, but rather to

demonstrate a methodology by which such a typology may be developed.



CHAPTER 2
TREATMENTS OF THE CARTOCRAPHIC LINE

In Chapter 1, a position was established for the development of
consistent guidelines for determining the character of a cartographic line.
It was proposed that linear character is probabilistic in nature, because
its components may be used to constrain stochastic modelling of the lines
in graphic representation. Measurements of line characteristics may also
facilitate the automation of line identification tasks, so that tolerance
criteria may be set and modified during cartographic generalization. In
this chapter, a re’view of the literature will be presented to justify this
position.

Certain trends have developed over time: most notable are the trend
towards quantification, and measuring lines as opposed to merely describing
them; the shift away from determinism, in considering not only the line
itself but the graphic region immediately surrounding it; and the trend to
view generalization as a process including perceptual as well as
mathematical components. These three trends have daveloped to a great
extent from the research of other disciplines, ranging from geomorphology
to political science. It is important for the reader to keep in mind that
a2 certain amount of background information is necessary to review these
developments, if at times the discussion seems to range far afield of the
topic at hand.

it is also important to realize that the cartographic line has been
treated within a variety of geometric contexts, as a set of points, a line,

and even as an areal feature. Other researchers work within a spectral
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modei, in which a cartographic line is broken into components of frequency,
amplitude, and phase. The reason for this variety seems closely tied to
the cartographer's attempt to cope objactively with a basically inductive
task, namely, retaining the character of a geographic feature as it is
represanted at various cartographic reductions. What should become
readily apparent in the course of this review is the difficulty involved in
accurately retaining something (namely ‘linear character'y which has not

yet been comprehensively defined.

The Line as a Set of Equiprobabla Points

One of the earliest attempts at objectivity in generalization proposed
8 formula by which to compute the amount of information to discard for a
given scale reduction. In the Radical Law, T’épfer and Pillewizer (1944}
provided a mathmatical rule formulating a geometric relationship between
the amount of information contained in a feature (a river, for ezample, or
a coastline) to the scale at which that feature is represented. For lines,
information is defined by coordinate locations. The Radical Law states
that when scale is reduced, the information (i.e., number of coordinates)
should be reduced in proportion to the square root (hence ‘radical') of the
scale change. Three constraints on information reduction can be included
to control the reduction according to the cartogripher's choice of map
purpose. Without going into the mathematics, one can say that the rule
works, in practice. DBut an homogeneous information field is assumed along
the length of the line, as =2ach coordinate carries equal importance. The

rule dictates how many points te remove, but not which ones.
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Srnka (1970} derives a similar relationship, without the specification
of scale. His reduction formula is thus suited to functional as well as
scale generalization, although his discussions are limited to the latter
type. The mathematics of this and the previous work indicate guidelines
for the exponential decrease of information with linear decreases in scale.
This exponential kind of relationship will turn up again and again, albeit
in different forms.

Automated algorithms which treat the line as a set of equally
important peints include all of the teckniques which fall within the realm
of ‘coordinate weeding', or removing certain coordinates on the basis of
some consistent criteria. Some examples of this include removal of every
nm point along a line, or removal of points selected at random; sampling
points along a line at some even interval is anpther possibility (Lang,
1970). In these algorithms, the probability that a coordinate will be
removed or retained is depeﬁdant on its location in the sequence of points,
rather than on its location in the contegt of a line feature. Thus, the
coordinate which anchors the terminus of a sand spit has as much chance of
removal as any point along the length of the spit. It is easy to
understand how these algorithms could produce drastic (if unintentional)
modifications of geographic shapes.

Smoothing a set of points can be accomplished as well, in treating a
set of eguiprobable points. Koeman and Van der Weiden (1970) suggest
application of a simple moving average, in which some or all of the
original points may be replaced. They compare the results achieved by
exclusive runs and by overlapping runs of the moving average. In these

techniguas, as in coordinate weeding, no emphasis is placed on constraining
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the generalization according to specific line characteristics; a certain
bias is implied by this, and also by the somewhat arbitrary choice of a
starting point.

Boyle (1970) suggests an alternative seclution, in preserving points on
the line which are 'more important' to the accurate generalized
representation. For examples, he cites submerged hazards on hydrologic
charts, and the importance of accurately poisitioning their coordinates.
These ‘critical points' are not labelled as such, but are considered in a
hierarchy by assigning weights (1-5) to each coordinate in the point set,

to help a cartographer decide which peint locations must be retained.

In another geometric context, the line has been treated as a linear
feature. It has no width, only length: one line can be distinguished from
another by comparing curvature, "wiggliness", or sinuosity (Maling, 1948).
"The much more usual task of the geographer... is to measure the length of
an intricately sinuous line, such as the longitudinal profile of a stream,

a stretch of coastline or even the road distance between two places".
(Maling, 1948, p.148). Maling suggests that sinuous character can be
measured by running a smoothed mathematical function through the line. But
consider that most empiric or free-form curves in space cannot be easily
represented with a' single~valued function -~ the mathematics becomes too
complicated to be of practical use. Parametric description of these
curves simplifies matters, allowing the path of each component (in this
case, % and y) to be expressed in turn.

For exampie, the graph As in Figure 2.1 appears simple, but it is
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difficult to describe one variable in terms of the other (i.e., y=£f(®) or
x=£(y} ). However, the curve can be expressed in parametric form (f(s} )
by cubic equations, if each variables' path is described in isolation.
Empiric lines such as rivers and coastlines are much more detailed than
this simplistic example, of course. The value of parametric equations in
describing approximations of geographic lines lies in their simplification
of otherwise complex mathematicai expression. It is for this reason that
parametric equations are so often used in generalization by smoothed
mathematical functions.

One methed which automates parametric smoothing applies a spline
function to the line. Classic splines are achieved by piecewise polynomial
approximations of segments of the line, based on the derivative of each
segment taken in turn. A large number of computations is involved, as a
new polynomial equation must be derived for each segment in the spline.
Chaikin's algorithm (1974} provides a somewhat faster computational
alternative: he generates a curve by weighting the midpoints of a segment
to generate a subsegment, then weights the midpoints of the subsegments,
saving midpoints every time (Figure 2.2). Chaikin's algorithm is
recursive, producing a sequential list of points to constitute the smoothed
curve. It permits discontinuities as well as non-closure and self-
intersection. Riesenfeld (1975 comments that Chaikin curves approximate a
quadratic B-spline but are muck more quickly constructed.

Another methed which has gained recent popularity is the Bezier curve,
developed originaily for the automated milling machinery at Renauit in

France (Gordon and Riesenfeld, 1974) . This is another polynomial
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P| CHAIKIN'S ALGORITHM
(CHAIKIN, 1974)
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FIGURE 2.2
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approximation, a series expansion of a binomial weighting function:

n
n! i n-i
P(t) = 12091 oDy b a-v

= a-6"P; 4 nta-u™lP . nt2<1-t>“°2E’2 +# ...+ P

(taken from Chasen, 1978

The series is expanded once for % and once for y coordinates, and the
number of terms determines the number of points which will be generated.
The resulting curve is similar in appearance to Chaikin's; except that
Chaikin computes midpoints for successively small segments, working from
the center towards each segment endpoint. Bezier computes a probability
surface which changes weights from one end c;f (he segmant to the other,
effectively ‘puiling' the smoothed curve towards the original as it movas
along. Either ‘of these algorithms would be adequate in Maling's
application of a smoothed function to a cartographic line. The smoothed
function may be used as a cartographic representation, or to compare the
sinuosgity of two diffarent lines by meas;:ting discrepancies in length or
area between the two (Figure 2.3).

Two fundamental problems 'a.rise in this kind of treatment, as Maling
(19648 himgelf admits. First is the question of which smoothing function
to use A moving average, a spline function, and a Bezier curve will
produce quite different visual representatons of the same line, as an
axample. Furthermore, there is a problem of accuracy, as the smoothed
function will contain only a small subsat of the original coordinates.
Second, and this follows directly from the first point, is the question of
measuring the iength of a g=ographic line. in order to determine distance

or areai discrepancias betwean geegraphic features and their countarparts,
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Measuring Discrepancy by Distance and by Area

FIGURE 2.3
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one must firgt be abie to definé their lengths (or the lengths of their
boundariesy. Tor cartographic and geographic lines alike, this presents an

interesting dilemma, which warrants a brief review.

Digression: Peculiaritias of Geoqraphic Length

Consider that the linear feature is continuous, and that the units

used to measure its length are discrate. It turns out that the more
precisely one measures an empirical (i.e., naturally occurring) line, the
longer that line becomes. Several Curopeans (Shokalsky, 1930; Volkov,

1949; Steinhaus, 1950,1954) pointed this out, that the series of lengths
obtained by repeated measures using smaller and smaller units does not
convarge.

If the length of the Puget Sound coastline is measured on a LANDSAT
image, its length will tally at some (rough) multiple of 79 meters,
assuming that image pixels are 79 meters on a side. (This is not
absolutely true; but it will serve for the purpose of the argument.)
Features of the coastline which are smaller than this will not be present
in the image, and so will not be measured. A high-altitude (70,000 feet)
photograph of this area will include some of these features, howevar; the
length of the coastline in this image will equal the length as measured on
the LANDSAT representation plus the length of ali additional features
resolved on the larger scale photograph. The coastline will therefore be
longer, by definition. A low altitude (20,000 feet) photograph will
include still more features; adding the length of thase to the coastline
measure will increase the length once again. And so on.

The Polish mathematician Hugo Steinhaus suggested that a practical
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golution to the paradoz of length would employ measurement techniques which
define only a lower limit for the length of a geographic feature
(Steinhaug, [930). He deiined the length of an arc [L] as the limit of the
summed lengths of straight line segments tEl(i)] making up the arec, as the

segment size (11 becomas infinitely small:

n
L=lim >
I8 i=ail

He maintains that this limit always exists; if infinite, however, the
are is said to be non-rectifiable. Steinhaus (1954) developed a
"longimetar" to approximate measures for the langth of a curve lying in a
plans, ag follows. lle cuts the plane with a series of equidistant parailel
lines, then aounted tha number of lines which intersact the curve., The
measure achieved by this method is said to be "length of order n", whare n
aquals the line spacing of the longimater.

Other disciplines were interested in this problem as well. Some of
tha baest known work in the araa was done by Lewis Richardson, who
investigated the paradox of gecgraphic length when sidetracked from
political science ragearch relating tha langth of political frontiers to
the occurrence of national boundary disputes. He used map dividers at
varions  separations to measure coastiinaes and rivers in  political
boundaries on atlas maps. He found that apparent boundary length increased
steadiiy with the decrease in divider saeparation, and the rate of incraase
differad somawhat for each measured line (Richardson, {9610). When
ragpeating tiis measurament procass for a regular pelygen such as a cirele,

Richardson found that here, total langth measurement  stabilized quickly
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with dacreasing units of ﬁxeasure.

TFigure 2.4 shows a comparison of lengths for various coastlines, and
for a circle, values which Richardson measurad and plotted as logarithms.
The negative trend of the plot led to the following darived relationship:

=1=17%
21 rapresants total measurad length, and I represents the magnitude of tha
measurement unit, or divider separation. Richardson states " o is a
positive constant, characteristic of the frontier* (Richardson, 1961,
pP-170). He goes on to say that o may be positively correlated with the
perceived irregularitias of the coast!it}e, or its lack of smoothnass,
concluding that the differing slopes of his plots correspond to the
characteristic irreqularities of the coastlines they represent (Table 2.1).

TABLE 2.1

Valuas of &K for Selacted Coastlinas
(atter Richardson, 1961)

Britain 0.23
Carmany 0.15
Spain-Portugal 0 14
Australia 0.13
South Africa 0.02

Two facets of this work are important in looking at the development of
cartographic line generalization: first are Richardgon's notions about
accuracy. lie comments, "It is doubtful whether the total polygonal length
of 3 geacocast tends to any limit asg the.side of the polygon tands to zaro."
(Richardson, 1941, p.170) This is not to imply that the most accurate
length is derived irom the most pracise measurement, but rather that
accurate measurement becomes undefinable at the limits of precision (when

unit iength anproacheg zare). The problem of deciding which Iavel of
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precision will produce the greatest degree of accuracy is left entirely to
Richardson's readers -- he is only pointing up the fallacy of over-reliance
on precision in cartometric tasks. Chronologically, this work provides an
early step in the shift away from determinism.

The second facet of the work which is important is the derivation of
the exponent o , which is a preliminary quantification for the
characteristic irreqularities of a sinuous line. European research had
also focused on the validation of map-measured distances (eg. Shokalsky,
1730). In these studies, too, regression-like equations were formulated by
which ‘actual' geographic length could be predicted, based on the
particuiar units of measurement. All of the formulas include a term
variously identified as a measure of line character, irregularity, or
sinuosity; but this term was most often left as a by-product of the
derivation. Richardson considered it a trivial finding; his interest
remained focused on the accuracy of geographic measures. However, the
topic (and the exzponent) will be returned to further along in this

discussion.

he Line as an Araal Faature of Finite Width

As discussed bafore, the Polish mathematician Steinhaus suggested that
a practical solution to the paradox of length would employ measurement
techniques which define only a lower limit to the langth of a geographic
featura. The technique as developed by Perkal (1954, 196éa, 1964b) is
directly applicable to the study of geographic process, and provides a good
example of how a cartographic line may be treated as an areal region, and

not simply as a iine.
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Perkal sidesteps the problems involved in measuring a (possibly
infinite) geographic langth, working instead to determine a2t what scais of
measurement the length becomes finite, or rectible. He proceads by
constructing an " e -neighborhood" (‘€' for empiric) around a curve. The
-neighberhood is the set of all points on the plana for which the distance
from the curve is less than or equal to some small but finite value
epsilon. . The effect is similar to that of rolling a cirele along a curve,
letting the path of the circle define an envelope or smooth closed polygon
surrounding the curve. Perkal then computes the area [ A(€) ] of the e -
neighborhood, subtracting the area of one half circle E'/zTrezj at each
end. (Figure 2.5 The langth of the curve will be directly proportional
to the area of the € -neighborhood, and inverse to the diametar 2 of
the circle, thus:

L= lm Acer- Ne?
e-y0 2e

The final step is to simplify the areal calculations, following from
Steinhaus, replacing the area term with a simple count (n) of the number of
{non-overlapping} circles of radius & which the curve intersects. He
computes an 'epsilon length' for curve X as

Lg@® =n -('ﬂ'/“)e

The units of e -radius determine the units of epsilon length. Thus
the accuracy of the measured length is in fact determined by the scale of
the measurement. Notice that an insignificant change in =29silon wiil not
change the epsilon length substantially: the measure is in this sense more

robust than the length measures of either Steinhaus or Richardson. It is
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PERKAL'S €-NEIGHBORHOOD

FIGURE 2.5
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aiso interesting for the moment to consider € as a diameter instead of as
3 radius (Figure 2.6). A curve is said to be e-convex if the string' of
tangent circles (of diameter e ) are tangent to the curve only at a single
point. The curve on the left is called e-convex, for this particular
valus of epsilon; the curve on the right is not. However, the curve on the
right will be e -convexz for some lesser value of epsilon, which allows
discarnment of the smaller arecs in the curve. Parkal suggests using the
envelope of the @-neighborhood as a generalized version of the empiric
line. In a machanical context, this is exactly what happens during some
stages of the cartographic procass.

Consider, for ezample, the minimum turning radius of a polar
planimater, a plotter head on a Calcomp flatbed, the magnetic grid size of
a graphies tablet, or even the pizel size on a satellite image. Thege ares
affactive e -values for the regpective instruments: 3ll lines plottad,
all lengths measured will be a function of this vaiuae. It may ba
tunctional in a particular research design to specify a value of epsilon
ingtead of ralying on the telerance thresholds of the machine. Maling
(1948} considars tha size of the whilte dot on the steraoplotter platen in
this context.. Bovie (1970) makes similar comments on the generalizing
effects of hardware limitations in computer-drawn maps. Broghy (1973
dasigned a computer algorithm which affactively rolls a cirale iiong a
line, generalizing by removing details which fall within the boundaries
inseridad 3y tha cirela.

Another interesting point here is that the € -neighborhood is not
1iways symmatrical on both sidas of tha ampiric line: this is in part dua

o the magnitude of apsilon. It is also a function of the sinuous twists
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and characteristic irraqularities of empiric lines, And herein lies a

direct application to the study of geographic process.
"*... The boundary of the e-nesighborhood may ba thought of as
the trace of points nearest the coastline left by the path of a
cirela of € -radius which is roliad along the ecocastline on
both sides. Becausge of the shape of the capes and bays, the
length of this trace will net be the same on each sida of the
seacoast. Ships swing wide to avoid the capes but trains swing
inland to avoid bays and estuaries. The coastline, then,
appears to have an inside length and an outside langth for
purposas of movement along its perimetar, depending upon the
technical raquirements of the vehicle used. This statement may
ba made more general. The boundaries of the e -neighborhood
of a line are ordinarily not equal; the one-side length aquals
the other-side length only if the line is e -convex."

Nystuen (1964, no page)

Parkal's techniquas provide a broad methodology by which to
investigate the geographic notion of a linear boundary as ragion. Nystuen
congiders the affects which regional shape may have upon a spatial process:
non-symmetry of the e -neighborhood may facilitate studies of a process
which affects ona side of the boundary but not the othar, studies of flows
across a boundary, and studies of processes which exist only at the
boundary (i.e., within the € -neighborhood). Nystuen cualls this
application the concept of local convexity, or "convezrity-in-the-small".

There are direct impiications for line generalization as well. Ta
return  to the coastline example, a cartographer might gomeralize one side
of the e-neighborhood of the Califormia coast in mapping seasonal traffic
flows along Highway 101, and/or generalize the other side of the coast to

map fishing rights along tha thrase-mila intarnational boundary.
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The Line as a Spectral Featurae:; Filters and Frequencies

Applications of Perkal's method to line generalization are for the
most part indirect; Nystuen's reference to e-neighborhoods was generally
neglected by cartographers. The generzlization algorithms which were
developad during the 1970's tended to focus on simplifying the existing
line, rather than replacing coordinates by means of smoothing functions and
splines. With the increasing prevalence of automation in map-making,
cartcgraphers could rely on improving the accuracy of their displays.
Accordingly, the objective in generalization shifted somewhat: the purpose
was not so much to reduce information as it was to filter it. For the most

part the filtering process was computerized by setting arbitrary tolerance

limits within which points along the line could be eliminated. Two kinds
of tolerancing were pursued. In each one, an envelope was defined
surrounding the line, in a2 manner similar to Perkal's € ~neighborhoed.

In angular tolerancing, a cone of angle 28 is projected forward from
each point along the line, in succession (Figure 2.7). Points ahead of the
vertex are discarded, until a point is found which falls outside the
threshold of the cone. The cone is then moved to this point, and the
process repeated. The disadvantage of the algorithm is its tendency to
give long, gradual curves a blocky appearance; because of this, the cone is
usually constrained to a fairly short forward search.

Distance tolerancing is quite similar in nature, eliminating points on
the basis of a threshold width for a corridor extended along either side of
the line (Figure 2.8). This method also requires a limiting distance for

forward searches, and is best sujted to the elimination of small errors
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from sets of stream-digitized coordinates.

Tolerancing was formalized and refined by Paucker (1973 (now Poikar),
who combined the notion of an areal band or corridor with a consideration
of linear details which occur at a specific frequency. Each frequency has
an associated bandwidth by which it mav be rapresented; in the graphic
adaptation of this electronic metaphor, decreasing bandwidths can be wused
to selectively isolate portions of fine detail (so-called high frequency
information) from the line. The bandwidth model is operationalized as a
data encoding scheme. Endpoints of the line form the length parameter for
the band, and its width is defined by points of maximum deviation on either
side of the straight line segment connecting the endpoints (Figure 2.9).
These four points are used to define bandwidths of the next higher order
frequency, as shown in the figure. The process of encoding continues until
the desired minimum bandwidth has been achieved.

Baliard (1981) has automated the bandwidth enceding scheme as a data
structure which he calls Strip Trees. A modified version of this data
structure wiil be discussed in Chaptér 4. Poiker cites several cartometric
applications for bandwidth encoding, inecluding computation of line
intersections, matching of digitized lines, and searching tasks within
nolygons. The importance of his work lies in the ability to tie the
accuracy of the application to some finite bandwidth which encompasses a
particular scale of representation.

The ‘technique is also useful in line generalization, which in this
contagt tecomes a simple process of selactive bandwidth filtering for high,

medium, or low fregency details. Douglas and Peucker (1973! developad one
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of the few tolerancing algorithms which selects coordinates, as opposed to
eliminating them, based on ideas which were subsequently refined into this
bandwidth model. (It is interesting to note that both Hamer (1972) and
Duda and MHart (1973) devised similar techniques at about the same time.)
Aithough it seems a trivial distinction, there ig a significant perceptuai
difference in a line generalized by selection of points: this distinction,
and the algorithm which produces it, will be discussed in a later section
of this chapter.

An earlier discussion of generalization as a filtering process is
provided by Tobler (1944). In considering cartographic information as
occurring at various spatial frequencies, he views generalization as a
filtering of components such as amplitude, wavelength, and phase. Tobler
suggests using Perkal's epsilon to identify threshold frequencies at which
a geographic feature is sensitive to the filter -~ it can be smoothed, and
then designing a spatial filter to accomplish the task. The filters he
describes are matrices of probabilities, which are used as smoothing
weights. For ezample, a binomial weighting function provides a high-
frequency filter which has a strong generalizing effect on small details.
However, a Fourier series should provide another valid filter, and might be
dasigned to smooth information at a variety of different frequencies.

As a2 matrix manipulation, the frequency response of a spatial filtar
is computable. Tobler has derived a concept of generalization as one more
kind of transformation which is objective, predictable, and in some cases,
reversible: as a matrizx transformation can be computed, so can its

inverse, if it erists.
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"Az a priori criteria one would ezpect that generalization...

should somehow eliminate ‘'small scale' features. It
genaralization is considered as a transformation, it is natural
to inquire whether this process can be - zaversed. it

topographical maps are generalizad the result should conform to
appropriately modified accuracy standards. Finally, certain
statistical parameters...should be preserved by the
transformation."
(Tobler, 19846, p.1}
The importance of this work in the davelopment of generalization
becomes clear if all the threads of this research discussion are tied

together. According to Steinhausg, and to Richardson, an ampiric line can

only be approzimated in graphic representation, because its geography can

never De pracisely measurad. Thus any graphic rapresentation provides at
best only.  a genaralized version of a linear featurs. Perkal's

apprazimations of linas by e -neighborhiceds indicatas that the set of
information which is included in the generalized reprasentation will ba a
function of the gecale (measurement units), and the purpose of the
measurement (which side of the line is measured). It will also be
depandant on the places of 8 -convexity, on the sinuous curves
charactaristic of the lina. Sinuosity has .stiu not been defined, although
Richardsen's work points to a posgsible index.

What Tobler has added to this thraad of inquicy is that these
ganeralized regresentations can be arrived at through a filtaring process,
which in theory can be designed to remove or to restore infermation, to
smooth or to enhance the graphic renrasentation, in efisct. He alsc
astablishes the importanca of presarving statistical characteristies of the
ilne as it is fiiterad, in order to oreserve the charactar of the

represantation. It seems appropriate at this point to digress once again
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for a briaf review of one methodology which uses statistical parameters as

3 relative measure of line sinuosity.

Bigrassion; Lines of Fractional Dimension

Let us return for a moment to the work of Lewis Richardson (1941}, who
found that small decreases in unit size result in often substantial
increases in measured langth. The rate of increase wasg found to vary for
specific coastlines which wera measured. Richardson commented that thesge
rates were possibly related to the sinuous natura of each coastline, but
saw no great importance in his f'ndings. It remained for Mandelbrot (1967
tos derive its theoretical basis. His werk also provides 3 comprehensive
azample of generating figures which retain certain statistical properties.

Mandelbrot began by teezpréssing Richardson's ralationship (21 : l-°(}
a5 an aquality betwaen the increase (£} in total line langth and the size

(1/N) of N equal steps required to travel tha length of the line.
r=sanot®  poHage

What this formuia describes is really quite basic -~ if a straight line is
broken inte N aqual pieces, the ratio of the langth of any pieca to the
iength of the whele line will be L/N. This is callad the ratio of self-
similarity: because it is linear, the figure is said to be empirically
one-dimensional. In two dimensions, a plane can be subdivided into N aqual
squaras (as in tiling). Each square will have an area of ratio (i/ N)V% In
thraze dimensions, the similarity ratio will be in cube roots, or (1/N)“3.

In genaral form, the value wiich D takas on is mathematically equivalent to

the dimension of the featurs.
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Solving for D:

Inr = In Ca/nNi0;
Inrc = I/D In (/N

Dinr ~In N
D -In Nfinr

Note: substitutions between negative logarithms and logarithms
of fractions will simplify arithmetic below; the computaticnal
formula is as follows:

D = In N/ In (i/1)

As a computed ratio, D can taka on fractional values: Mandelbrot's
derivation ezpands the concept of ‘di;nension‘ into the realm of real
numbers. Thus a figure will have a topologic dimension (as a point, line,
area, and so forth) which describes to what class of fiqure it belongs; and
it will have an empirically computed dimension which describes its "degree
of complication” (Mandelbrot, 1947, p.436), or the characteristic way in
which the figure fills up the space which it occupies. D is conceptually
equivalent to Richardson's (i961) exponent o in describing this property,
in that it varies according to the irregularities of the Iline being
measured. In contrast to Richardson, however, Mandelbrot does not concern
nimself with problems of abscliute length, focusing instead on the rate of
its increase. An example may serve to explain the concept of empiric
dimensionality; and then attention can be returned to a more geographic
application.

Take for example the mathematical curiosities such as Peano curves
Figure 2.10), or Koch Triadic Islands (Figure 2.11), as they are
constructed. As linear features, the curves are topologically one-
dimensional. For the Koch Island, replace each side of the original unit

triangle by a3 four-sided open polygon (4 sides is arbitrary; 5, 6, orn



Figure 2.10
| PEANO CURVE
(after Mandelbrot, 1982)

Figure 2.11

TRIADIC KOCH ISLAND
(after Mandelbrot, 1982)
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sides are also possibie); thus N = 4. Notice that the Iength of this side
has increased by 1/3 in making this replacement; thus r = 1/3.
: in (¥ In (1f L/ )

In <4}/ In (B
1.2618

o
f

In effect, this value represents the rate at which the curve will fill
the plane in which it lies. For the Peano curve, D = 1.1291, which means
this curve will fill the plane less quickly than the Xoch Island, for equal
values of N. It should be obvious in looking at the two curves tha.g this
is so: D provides an index of the mathematical complerity of the figures,

which is related to their visual sinuosity as well.

Mandelbrot calls these figures _fractals, because their empiric
dimension is fractional. Fractals differ from regular curves and polygons

in that a regular geometric figure will have an empiric dimension which is
an integer. As shown by the plot of the circle in Figure 2.4, the integer
dimension reflects the fact that overall length of regular polygons
stabilizes very quickly to some finite value, while the same cannot be said
for fractals. Coastlines appear to have fractal characteristics, then,
because their length does not stabilize: Mandelbrot (1947} computes the
fractal dimensions for Richardson's coastlines to be 1.25 (Britain}, 1.15
(Garmany), and [.02 (South Africa), concluding that Richardson's ezponent
is computable from his fractal dimension as
A =1-D.

For the Koch Triadic Island, then, each unit side of the figure is

replacad by a four-segment curve. Each of these four segments becomes a

new unit side in the resulting figure, and the process is repeated. As



42

each sagment in the curve is replaced by small scale replicas of the entire
curve, the figure is =aid to become self-similar; and the fractal dimension
provides a ratio describing the rate at which the self-similar replication
process increases the length of the curve.

Mandelbrot maintains that the self-similarity concept has Ilogical

validity for coastlines as well as for mathematical constructions such as

spaca-fiiling curves. The sealf-similarity for Peano curves and Xoch
Islands is termed 'precisely equivalent', because any piece of the curve
can produce an exact replica of the whole. (As an aside, a holegraphic

image is precisely equivalent in an optical sense, in that if the
holographic glass plate negative is shattered, any piece can be usad to
reconstruct the entire image (Fleischer, 1982).)

On the other hand, statistical equivalence is probably a better term
to describe the self-similarity of coastlines and other naturally-occurring
features. Mandelbrot demonstrates thig by generating a curve of random
Brownian motion, and then generating a Brownian curve constrained by two
different values of D (Figure 2.[2). The stochastic process preduces lines
which bear some visual resemblance to coastal sinuosity; and further
constraints produce other kinds of apparently gecgraphic Iines (Figure
2.13).

Dutton (i981) has developed an algorithm which produces fractal models
of actual cartographic lines. The process involves standardizing angles
accdrding to four predetarmined tolerance parameters. His intention is to
introduce self-similarity to the representation, by standardizing its shape

irregularities. "One wishes for a measure of geometric complexity and
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irreguliarity that is as general as that of entropy in thermodynamics.
Fortunately, foundations for such a vocabulary and for such measures have
been developed." (Dutton, 1981, p.2% Once the angles have bean
standardized, any portion of the line will exhibit the same complexity
which characterizes the line as a whole: this is a pseudo-approxzimation of
the self-similarity which Mandelbrot proposed.

The algorithm computes midpoints for two adjacent segments, connecting
these to form a triangle with the common endpoint (Figure 2.14). At the
apex of each triangle is the common endpoint -~ this is the vertex to be
moved. The vertex is slid along the apex bisector until its angle becomes
(nearly) equivalent to some predetermined valua. Then midpoints of the two
segments become fized vertices, and the process is repeated. The
geographic accuracy of the line is obliterated by moving the original
vertices, of course; but this problem could be easily remedied by holding

constant the vertex positions and moving only the midpoints.

Four parameters constrain the fractalization. The first parameter,
8D, determines the angle of standardization, which Dutton says is
aquivalent to Mandelbrot's fractal dimension (D). The second, UC, is a

uniformity coefficient: ranging between -1.0 and +1.0, it determines the
degree to which the angles are equivalent. At +1.0, verticies are movad
the entire distance needed to produce equivalent angles; at +0.5, they are
moved only half of the necessary distance, and so forth. For negative
values, movement cccurs in the opposite direction. Two other parameters
respectively define the maximum and minimum applicable segment lengths to
fractalize, controlling for straghtness (5T} and smoothness (SM) in the

final reresentation. These are similar to the (distance and angulan



@ = movable vertex (triangle apex)

X = fixed midpoint (triangle base)

DUTTON'S FRACTALIZING ALGORITHM

FIGURE 2.14
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thresholds wused in the tolerancing algorithms discussed previously . For

ezample, they would insure retention of long gradual curves during

fractalization. Even with these last two, some smoothing is necessary

subsequent to the enhancement process, to 'fine tune' the look of the line.
Unlike Csplining)l and other methods for coorc'ﬁnate reduction

and chain smoothing, fractalizing permits features to be
exaggerated and smaller scale features to be introduced into

digitized curves, as well as allowing features to be
eliminated. The exaggerations and additions are not arbitrary
forms introduced to the chain, but are caricatures and

recursions of forms already found there.
Dutton (1981), p.25

Dutton's algorithm works to preserve linear character, then, by
reexpres~li.g shapes which are already present, and by introduction of
standardized caricatures at smaller and smaller levels of detail. He
offers no guidelines for choosing the values of his four parameters to
construet lines of varying character, except to say that his parameter SD
is operationally equivalent to the fractal dimension. And so while it has
been established that linear character can be replicated, it has still not
been defined. As Dutton admits, the algorithm is quite sensitive to
localized deviations in sinuosity, which are not accounted for by the
constant value of SD.

This is not to say that fractals can provide geographically accurate
representations, but rather that fractal constraints on stochastic motion
may be usefuyl in modeling some of the visual components which are present
in geographic representations. In other words, what you see in a fractal
image is similar to what you expect to see in a gecgraphic representation

-- the visual character of the two images are quite similar. The computer
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graphics industry has capitalized on this effect, using fractal geometry to
generata all sorts of generic landscape objects, including clouds, trees,
and even mountain range backdrops. “The major problem in making a
realistic computer animation is capturing the right balance between
order... and disorder." (Fleischer, 1982, p.52). It is the randomness of
Drownian motion which has been most commonly used to generate fractal
iandscapes (Plate I which appear to be realistic geographic
representations (Plate II). (Carpenter, 1980; Fournier & Fussell, 1981)

This approach has been criticized in the literature, most notably for
the fallacy of considering geographic featuras to be  self-similar.
Goodchild (1980 comments that geographic features are generated by
geomorphic processes which are scale-dependant in nature, and which supply
visual clues to help determine the scale of the feature in representation.
These clues are not present in 2 line or a surface which is its own
replicate at every scale. Goodchild adds that this dces net apply to, for
- example, lunar landscapes, whose form is related to very different
mornhogenic processes. This may be the reason why fractalized landscapes
appear so "other-worldly" (Whitted, 1982).

Derivation of the fractal dimension has not resolved the paradoz of
ampiric length, but has provided a numeric index for lines of relative
‘complicatedness' (Mandelbrot, 1947, ‘irregularity' (Richardsen, 1941),
and/or 'sinuosity' (Maling, 1963, 19£8). Time and again, researchers have
come up against the problem of distinguishing between Iines and linear
characteristics, in an objective manner. Until line character can be
analytically identified, it will remain a major stumbling bleck in

automating generalization tasks.
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One goal of this dissertation is to create and test a set of
guidelines by which line characters may be distinguished. Fractal
dimension will be computed for several trial lines, and used as one measure
in the quantification process. It should be obvious, however, that
attachment of a single metrin Eo”a set of ) géographic lines is not
sufficient as an analytic distinction of line character; and this is
especially true in 3 cartographic context, where the visual effect of a
display can change quite drastically with changes in scale, projection,
resolution, and so forth. A review of pertinent research on the perception
of linear information should provide a perspective on the map reader's view

of a generalized line, and should lead to a clearer definition of line

character in succeeding chapters.

The Line as a Perceptual Phenomenon

—

From the map reader's point of view, the reason for line
generalization is to allow a geographic feature to be recognized in
cartographic representation, to use a map for the purpose for which it was
intended. The importance of feature identification on thematic maps has
long bBeen 3 major focus in the study of shape generalization (Dent, 1972;
Muehrcke, 1969; Dobson, 1980; Prince, 1977; Turner, 1977; Muller, 1979;
Duncan, 1981} and in studies of map complerity (MacEachren, 1982; Brophy,
1980; Monmonier, 1974; Lavin, 1978; Muller, 1976; Olson, 1975). The
general line of thought has been that the success of the graphic
communication is based on the facility with which the generalized feature
is recognized as a specific geographic feature. It would appear, then,

that line character includes a definite perceptual component.
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Accuracy, too, is an important part of the recognition process.
Consider for example the importance of accurate coastline recognition for a
sailor navigating in a triangle race around the islands of Puget Sound; or
the measurements which a tactical pilot makes in planning his approach path
for a high speed reconnaissance flight; or the accurate comparisons
involved in cruise missile feature recognition. hccuracy can be retained
during generalization by prohibiting coordinate movement for some or all of
the original points. Preservation of perceived recognizability may be less
directly achiavable. For the map reader, generalization should be
considered as a transformation which preserves a delicate balance between
measurable accuracy and recognizable character.

As a form of picture abstraction, the process of map
generalization is probably a simple case of 2 more general

problem of pattern analysis, which in turn may be considered to
be the basis for the important inductive approach to any

knowledge.
Tobler (1946), p.1i
The basis of pattern analysis is pattern recognition, or the
identification of objects and features. It is based to a degree on

information theory (Shannon and Weaver, 1949}, which defines information
probabilistically as the reduction of alternative outcomes. Availability
of more outcomes in a situation implies more available information; for a
continuous phenomenon, the mazimum amounts of information will be available
at those ‘avents' in which the phenomenon is changed.

The cartographic application is clear: for surfaces, ‘events' are
measured as slope or shading (color), and the infiection points or most

abrupt change in surface shading will be the most informative points on the
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surface. For lines, which are topologically one-dimensional, informative
events are defined by a change in direction of the line. Perceptually
speaking, then, visual information in a graphic display is concentrated

along contours or sudden breaks in elevation or shading, and along these

breaks, information is concentrated at points of angular inflection
(Attneave, 1954). It seems logical to assume that to preserve perceptual
infermation on a line, one would insure that the points of angular
inflection are preserved during the generalization process.

Two cartegraphers have tested this, in isolated studies: it is
interesting how similar are their verifications, given their diffarent
research designs. Marino (L979) presented two groups of people with a
serias of cartographic lines, one at a time, accompanied by a box of
dressmaker's pins. One group had previous egperience in compilation and
generalization tasks, while the other did not. People were asked to put
pins in the lines at points which they felt should be retained in a
simplified version of the line, in order to preserve its visual character.
No time limit was set on the task.

The experiment was repeated three times; in each successive trial, the
same line was presentad, but with only half as many pins available. Marino
found a significant consensus in the set of points chosen for each line,
and further, found no significant differences in response betwean the tweo
groups. She concluded that cartographic training has no apparent effect in
determining which points are critical to perceivad line character; and also
that there is a hierarchy in the definition of line character, in that
points chosen for the trial with fewast pins were often chosen in ail three

trials. The major shortcoming of her study is that Marino never summarized
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angular daviations to determine whether her trial lines had distinguishable
angular characters, but rather made an apriori assumption that this was the
case.

Kelley (1979 was interested in functional as well as scale
generalization. Functional generalization does not require a reduction of
information e=zpressly for raduction of map scale, but rather involves the
emphasis and/or deemphasis of features when generalizing between maps to
serve different purposes (as in collecting information for a thematic map
from a topographic data base). Kelley follows a fairly strict
interpretation of the Shannon-Weaver (1949) information-theoretic model,
assuming that line continuance has an associated probability function which
is inverse to the sevarity (degree) of angular change. He tests the
hypothesis that information which is important to the map reader will be
found near points of maximum angular inflection.

Two points distinguish his experimental design from Marino's. First
Kelley embeds his trial lines in a map context, and tes;cs for the
constraining effects of backgrcund noise, familiarity with the mapped
feature, and open versus closed lines. Second, he measures the rate of
changing direction along all lines tested, and thus determines where points
of mazimum angular inflection occur. Analysis is fairly direct, and
involves comparing locations chosen by perceptual response to locations
computed mathematically. Kelley finds a significant correlation between
the two, and a strong consensus in point choice as well; neither of these
is affected significantly by closure or by background noise. Kelley's
tindings on familiarity are weak, and he is not confident of his

interpretations.
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It would appear that these studies confirm the work of Attneave (19543,
mentioned earlier, that information critical to the recognition of a line
can be found in the vicinity of peints of maximum anqular deviation, and
further, that most people will choose the same sat of points along a line
as being critical to its recognition. The conclusion is that a
generalization algorithm which consistently selects these critical points
wili produce a more easily recognizable cartographic line.

The algorithm developed by Douglas and Peucker (1973) provides a good
example of this, as it tends te select points of mazimum anguiar deviation,
indirectly. Turther, it has been tested by generalizing Marino's lines
(Jenks, 1982, personal communication), and the set of points which resulted
bears a great similarity to the set of points chosen consistently by
Marino's test subjects. The mechanics follow from Peucker's ideas on
bandwidth filtering, as described in a previous section of this chapter.

Basically, the endpoints of the line to be generalized are connected
by a straightline segment (Figure 2.15), and perpendicular distance from
this segment is measured to each point. The point which is farthest from
the segment is stored. This becomes a new endpoint for a subsegment
(actually, two subsegments -- one to each of the previous endpoints), and
the process continues until a threshold distance between all points and the
straightline segments is reached. Incidentally, each defined segment
identifies a specific bandwidth; as discussed earlier, the concepts
developaed in this algorithm formed the basis for Peucker's bandwidth theory
of the cartographic line. This algorithm will be used in Chapter 4 to

Sreak out critical points for the set of test lines, in order that the
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selected points
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DOUGLAS-PEUCKER ALGORITHM

FIGURE 2.15
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stochastic processes can be anchored to some standards of accuracy.

Summary

One can see that there are widely divergent viewpoints on how to
measure a cartographic line, and how to construct its valid cartographic
representation. What this chapter has established is that common to all
approaches to generalization is the stumbling block caused by lack of a
consistent definition of line character. The problem may be similar in
difficulty to the problems of measuring length and sinuosity: there is no
unique solution. And in reviewing this body of research, an approach does

seem to present itself, if only in rough form.

Linear information is composed of two types of components. One is
tied to the accuracy of the line. Geographic accuracy invelves careful
positioning of coordinates: the limits of positional accuracy are

determined by the scale at which is measured the line; and points selected
for positional accuracy are related to the geogqraphic context at hand. For
example, city locations should be carefully positioned on the land-side of
a coastline or river bank. Other points should also be carefully
pogitioned along the line, in part to anchor the trend of line diraction to
as large a point set as possible; 'equally important, however, the
generalized version of the line should retain its visual clues for easy
recognition. Perceptual accuracy is related hierarchically to the angular
daviations along the line, with maximum importance placed at points of
maximum inflection. Thus both kinds of accuracy can be easily applied to
anchor the trend of a line in cartographic representation.

The other components of linear information are more statistical in
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naturz, and not directly tied to absolute coordinate position. One
component is visually recognizable as the characteristic twists and turns
which ascribe a generic type of feature to a cartographic line (“oh, vyes,
that's a fjord, and this, over here, is a meandering stream"). Attempts to
"describe this lire character have proved largely inadequate, partly because
(as with Maling's sinuosity) the defining measures as constructed have been
tiad to geographic accuracy; the associated difficulties have been
discussed at length in this chapter.

A more promising approach comes in light of two notions, first that
Iine character is statistical, and secondly in development of methods which
introduce stochastic information tc a line. Partial success of these can
be seen in construction of fractal lines and surfaces, which bear strong
visual resemblance to geographic features. Allometric modeis may aiso
provide good representations, without the limitations imposed by
assumptions of self-similarity (Gould, 1964).

Discussion in the next chapter will relate perceptual aspects of line
recognition te mechanical aspects of producing a graphic representation.
In Chapter 4, attention will be focused on defining certain parameters
which might allow different kinds of line features to be distinguished in a
consistent manner. These parameters will be applied to a set of
cartograpnic lines, to determine the extent to which such distinctions can
be accomplished. The purpose of the parametric desecriptions is twofold:
first, to isolate components of line character from components of
positional accuracy; and also, to establish procedural guidelines by which

line character distinctions may be automated.



CHAPTER 3
COMPONENTS OF LINE INFORMATION

As discussed in Chapter 2, attempts to measure and generalize the
information contained in a cartographic line have developed along a range
of approaches, from purely descriptive to nearly inferential. Automation
of these approaches has so far enjoyed only limited success, for a variety
of reasons. At a conceptual level, the difficulties are related to a need
to define line character more precisely. There are operational problems as
well, with each existing appreach, which may be useful at this point to
discuss.

The descriptive approach is geomorphic in nature. It was commonly
used in generalization prior to the advent of the computer, and has proven
more easily accomplished in a manual than in an automated context. A
generalized feature is depicted in this approach to capture the so-called
'look' of the landscape feature. Guidelines for producing the early
pictographic representations have been provided by Pannakoek (1942), by
Steward (1974), and to a lesser extent by Raisz (1948). The visual form of
the graphic line was considered by these writers as a reflection of the
geoglogic processes which produced the feature. Thus effective depiction
required artistic talent and some intuitive interpretation, as well as a
firm background knowladge of geomorphology and physiography.

The geomorphic approach has proven difficult to teach, because of
problems involved in espressing consistent quidelines for an essentially
intuitive process. For this reason, early textbooks in cartography (and in
geomorphology, as well) contain page after page of landscape renderings:

the purpose of these was most likely to teach by example, by illustration.
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The disadvantage of such an approach to generalization becomes obvious when
one considers that no text can illustrate an aexhaustive typology of
landscapes; a generalization task should always be anticipated which cannot
be solved by mimicry.

The reason the geomorphic approach has proved difficult to automate
has to do with the visual cues which allow identification of the particular
process at work. These cues are scale-related; and because different
processes can be seen to operate at different scales, the proper inclusion
of these cues allows a trained observer to identify the type of line and
the scale of the representation as well (Coodchild, 1980). Automation of
this descriptive approach would involve comprehensive desecriptions of the
visual cues required to identify each process, and these for each desired
scale. The sheer volume of required information is formidable, not to
mention the task of providing consistent definitions for a set of
essentially intuitive guidelines which may vary from one cartographer to
the next.

With the rise of automation, more mathematical approaches have
developed, as discussed in the literature review. Many of these are still
commonly applied in line generalizaton, but the same intuitive limitations
are in some ways still present. Mathematical approximations by spline
functions provide adequate representations, but many splines require large
memory and processing capacity to compute derivatives for each line segment
generated. Fourier series approximations provide a less costly
generalization, provided that coordinates are equidistant along the length
of the original line. However, regular sampling is an inappropriate

digitizing strategy for naturally-occurring features: the points along a
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line whose location must be preserved for geographic accuracy (for example,
city locators, or points marking stream intersections or the mouth of a
harbor or bay) do not often occur at equally spaced intervals along a line.
Unless the chosen interval is very small, some of these critical points
will not be sampled.

The alternative mathematical approach assumes that geographically
critical locations are given. Then tolerance values of distance and
direction are used to eliminate coordinates along the line. The effect is
to simplify rather than to approximate; and many of these algorithms
provide easily recognized generalizations, with \{aryin.g degrees of accuracy
(McMaster, 1983). For a very complex linear feature, such as the outline
of the United States, different parts of the line require different
tolerance levels for consistent accuracy and recognizability from place to
place. To account for the differences in simplifying, for example, the
coastline along the Chesapeake Bay as opposed to the adjacent coastline
along the east coast of the Carolinas, not only do the specific tolerance
values for each type of coastline have to be defined for the computer, but
a decision rule must also be provided as to where to break up the line
during generalizaton. These decisions are largely intuitive, and may also
vary from one cartographer to the next.

Consistent guidelines by which to determine at what point such a
'complex (perhaps compound is a better term, here) line changes in visual
character have for the most part focused on empiric testing for line
recognition, or for psychophysical ranking of many lines to produce a

continuum of visual complexity (Jenks, 1981). This is a distinctly
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perceptual approach to generalization, in contrast to the descriptive and
the mathematical approaches which led to its development. The common
thread which runs through all of these approaches is the focus on
presérvation of recognizable characteristics. And because this focus has
not changed, the same problem is encountered for each approach to
automating the generalization process.

In focusing on recognition, researchers have tried time and again to
formalize a relationship between visual character and relative coordinate
positioning along the line as it is generalized. Formalization by
geomorphic function, by mathematical function, and by psychophysical
function have all tended to confqund rather than to isclate the types of
information available in a cartographic line. The accuracy of geographic
position and the characteristics by which the geographic identity of the
feature is determined form two separaf:le components of cartographic
information. Until these components are dealt with one at a time, we will
encounter difficulties in automating the process of generalization.

The rest of this chapter will suggest an alternative conceptualization
of line generalization which attempts this kind of separation. It will
identify a procedural approach to distinguish between types of cartographic
lines, for automated construction of graphic representations. The purpose
here is to circumvent the logical fallacies of the previous approaches, by
distinguishing between line characteristics in terms of graphical rather
than perceptual aspects. It should be emphasized that the intention is not
to ignore the perceptual aspects of the map-reading process, but rather to
focus on computer generalization as a process of construction as well as a

process of recognition.
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Recognition and Representation

The logical disadvantage of a strictly perceptual approach results
from the strong perceptual connotations which the term ‘'visual character'
carries in defining recognizability of a line. Consider that a line which
is accurate in terms of its relative coordinate positioning may be
represented with =~ such distortion as to become geographically
unrecognizable. For example, the Ilongitudinal expansion in Figure 3.1
renders a3 nmuch more sinusocidal view of the Hudson Bay coastline than is
normally encountered (Figure 3.2), yet both maps display a mathematically
consistent projection of spherical coordinates onto a plane. Conversely,
infinitely many representations of a geographic line may be constructed
which are visually recognizable, but cartometrically useless, due to
repositioning of coordinates. Sketch maps hand-drawn from memory provide
one example of this kind of generalization; the enhancement techniques
proposed by Brophy (1973) and by Dutton (1981) provide another.

Further complicating the relationship between recognition and
coordinate positioning is the fact that no two people can be erpected to
have the same impressions by which they characterize what they perceive.
In other words, they may rely on differing visual clues to recognize the
same graphie representation. In focusing on recognition for
generalization, then, one needs to develop a set of finite and consistent
definitions of recognizable characteristics for an audience using
inconsistent and possibly non-finite sets of perceptual criteria. In order
to automate the generalization process, in order to treat different 'kinds’
of lines in different kinds of ways, one is confronted with the dilemma of

having to define the visual character, or the set of clues by which each
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kind of line feature is recognized. Plainly, consisteat guidelines for the
definition of these perceptual clues have not been developed ior geographic
features, and have not been successfully automated for line generalization.

The resolution of the dilemma is to focus on the representation of the

line, rather than on its recognition. For computer representation, this
can be parametric, and a sequential process. First, a feature is
generalized in graphic representation. Only when the representation is

complete does the question of recognizability arise; and this can be
empirically tested, using a range of parameter values as a validity check
on the procedures used to construct the reptasentation. The two aspects
of line representation and line recognition are not independent of each
other, but are merely operationzlized in separate steps; the computer
generalization is still intended to maximize the recognizability of the
linear feature in graphic space.

In the most simple terms, the computer doesn't need to 'know' anything
about visual character, or recognizability of the geographic featurae; it
only needs information on how the line should be represented in graphic
space, and how representations at various scales can ba constructed from a
common coordinate set. This is a procedural approach to generalization, in
counterpoint to the strictly perceptual approach. It works to build up a
representation in the structuralist sense, in effect putting pieces of a
iline together, as opposed to eliminating information while preserving
recognizability.

The procedural approach can be accomplished by defining numeric
parameters which approximate the geographic line, in much the same way as a

series of terms can be used to closely approximate a mathematical function.
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The advantage h_ere is that parametric descriptors can take on a range of
values, to accomodate inconsistencies of the perceptual and cognitive
attributes of recognizability. Once constructed, the representation can be
empirically tested, in order to fine-tune the range of values which each
parameter may take.

Ceneralizaton is thus conceptually transformed into a modelling
process. Because the parametric value ranges must be constructed
inferentially, one can say that the procedural definition of the linear
information is probabilistie in nature, or at [least that parametric
construction can proceed by probabilistic approrimation. Therefore the
procedural approach provides effactive isolation of the two types of
cartographic line information: one type is related to the accuracy of the
line, and tied in with coordinate selection and position. The
probabilistically defined parameters compose the. other, and these
parameters can be used to approximate details about the kind of geographic
feature which the graphic line represents. This second kind of information
has been called line character by some authors, or line structure, by
others. It seems useful at this point to mark a clear distinction between

the two terms.

— ——— e e, e

If you detect a difference in listening to two different musical
pieces, say, the opening phrases of the Moonlight Sonata and the opening
phrases of Beethoven's Ninth Symphony, you may ascribe these differences to
certain charcteristics of the music. In desceribing how the pieces differ,

mention might be made of the strong percussive tones of ona, and the
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softer, arpeggiated phrasing of the other. Words such as ‘forceful* or
'soothing* might  distinguish  another friend's impressions. In
communicating your ideas, however, you might find that still another friend
would describe one as 'empassioned' and the other as more ‘modulated’ in
character. Most interesting of all is the fact that even though you and
your friends describe the character of either piece by using different
terms and concepts, chances are that each of you can recognize the presence
of the other concepts in listening to the music, and understand your
friend's use of these terms in describing the character of the music.

A skeptic might argue that this point is interesting, but trivial.
Because of familiarity with Beethoven's music, people will tend to hold
common cognitive associations which have nothing whatsoever to do with
their perceptual impressions of its character. This eriticism would hold
true, for any example of musical impressions requested, except one. If you
are presented with musical sequences produced from various random
distributions, then vyour impressions of those sounds will not have prior
associations, because the music will differ somewhat each time it is
generated.

The most common types of random noise are generated from unifecrm
distributions, as white noise; from normal distributions, as Brownian
noise; and from harmonic distributions, as '1/f' noise. (Figure 3.3) Each
of these distributions produces a distinet accoustic pattern, according to
the parameters of its probability density function. No opportunity to
provide such acoustic patterns presents itself in the contest of a
dissertation; but the visual analogy of random noise is random motion,

which will provide graphic rather than accoustic impressions of differing
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character. Piots of random motion will additionally provide a ready
comparison between impressions of visual character and parameters
comprising its structure.

Tigure 3.4 displays plots for the three kinds of random distributions
mentioned above. Once again, the visual characteristics of each pattern are
obviously distinct, and could be described by exzpressive terms, and by
conecepts as varied as were used for Beethoven's music. However (and this
is fundamentally important) the computer which generated these plots did
not need any informaton concerning impressions of visual character. Its
requirements were rather a random number generator and an algorithm, a
procedure, by which the random numbers should be constrained.

In white motion, each coordinate in the plot has an equal probability
of being picked -- the only constraint is a limit for the size of the plot.
Drownian motion constrains not only plot size, but individual segment size
as waell: the probability of a coordinate choice is dependant on the
location of the previous chosen point. '1/f' or harmonic motion extends
the location constraint one step farther, by restricting coordinate choices
to partial or complete multiples of a predefined stepsize in x and in vy.
The resulting visual regularity can be compared to the harmonic progression
of notes included in a musical chord.

These parametric descriptions of the varicus plots are structural, and
refer to the way the segments of the representation fit togather. By
changing the parameters, one can modify the size, extent, or even shape of
the plot: but the overall structure, the way that the segments fit
together, will remain the same. The information contained in these

parametric descriptions is quite different from the descriptions of visual



71

Uniform Distribution

White Motion....

Random Walk

vian Motion .. ..

QeaAiun
Y YT

Harmonic Distribution

1/F Motion. . ..

Figure 3.4
PLOTS OF RANDOM MOTION



impression which one might use in recognizing a plot, or in describing its
visual character to a friend. It is important to realize that{ while the
description of character can be derived from the structural description,
this relationship is not a bi-directional mapping: one cannot so easily
derive the information required to construct one of these plots given only
descriptions of how the plot is recc;gnized.

Given all of this, it may be an oversimplification to conclude that
'structure’ as a term relates to representation in the way that ‘character’
relates to recognition. Think of it rather that structural definitions
operationalize procedures by which (in this case) graphic images may be
constructed to produce a variety of recognizable visual imprassions. And
consider character as the set of perceptual impressions received which
facilitates recognition of the image as representing a specific object,
landscape, or scene.

‘Character' provides generic categories of faatures, for example road
or river, fjord or sandy beach. No demands are made on specific geographic
location, as in “Route é4", or "The Mississippi River", but rather an
assurance that the feature can be recognized within some generic catagory.
In common sense terms, one might consider line character as a set of visual
cluees which allow distinction between those generic categories en a map
(eg., to identify a line as belonging to a coastal region or to an inland
river vallay). This kind of visual clue helps to orient a map reader to
the geographic region encompassed by the map, and it is a primary
responsibility of the cartographer to retain this kind of information

during generalization.



73

It may also serve as partial indication of map scale: for instance,
there are certain features which one would expect to see on a map of the
Norway coast, at varying scales. The long narrow valleys should be
apparent as pairs of roughly parallel li.nes at one scale. At 2 smaller
scale, however, one would e=xpect that some of these vallays would be
displayed only by irregular indentations, or not at all. In another
example, one would expect that with changing scale that a graphic depiction
of the Mississippi River would widen from 2 single line to a double line,
and fil;laiiy into an areal feature whose smooth but uneven sides depict
increasing details of alternating erosion and deposition of the alluvium.
The information of ‘character' is thus necessary for recognition, but not
necessarily sufficient for construction of the generalized feature.

The term ‘'structure', on the other hand, refers more diractly to the
rules and procedures required to construect the representation, rather than
tc any apriori knowledge about erosion and deposition, or about the look of
the linear feature which results from these processes. A  structural
definition of the irregular indentations mentioned above would more likely
include parameters for length and width of the indentations at scale, and
the frequency with which these features occur.

A part of the structural definition must include guidelines for scale-
related modifications of a representation. For example, with decreasing
scale, the large river narrows from an areal strip to a single line;
however, the parallel indentations of the fjord Behave somewhat
differently. At first, the two sides bacome more closely spaced, and at a
certain scale both sides disappear altogether from the reprasentation.

Structural definitions for fjords and rivers differ in this respect, which
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a cartographer takes into account in deciding at what scala the graphic
metamorphosis takes place. Intuitively speaking, two lines can be said to
have differant structures if they behave differently at different scales.
"Behavior" in this case refers to the values which parameters in the
structural definition take on in generalizing the representation at various
scales. In differentiating fjord from river in this example, the parameter
in question has been the width of spacing between roughly parallel lines
bounding the areal strip of river bed or fjorded valley.

In the next section, this parameter will be aexzplained in detail. For
now, it is enough to see that structurai definitions are concerned with
fitting together smalier pieces to form a whole image, in this case on how
far apart should two segments be spaced at a given scale. No perceptual
connotations are explicitly involvaed here; there are simply questions of
how to build the graphic representation. This is the fundamental difference
between line character and line structure: separating one concept from the
other provides a procedural approach to automated generalization, by first
constructing the representation parametrically and then checking the
accuracy of parameter values on the basis of recognizability of the

generated line.

A Darametric Daefinition of Line Structure

The previous discussion of line character and line structure included
a proposal that structural parameters can be selected to distinguish
between types or categories of linear features. This can be accomplished
by measuring parameters for each line type as it is represented at

progressively smaller scales. Lines whose progressions differ could be



73

said to have different structures. The example which was discussed
included a paramter for width of spacing for certain double line symbols.

It is possible to plot hypothetical spacings for categories of line
features, at various scales, to provide a graphic comparison of the
relationship betwaeen size in graphic and in geographic space. Three
categorias of lines will be discussed; each categofy is commonly
represented by means of a double line symbol. Figure 3.5 displays the line
spacing plots for these three categories. Each plot will be discussed in
turn, to show how the spacing of the graphic symbol reflects geographic
size of the feature at various scales, and also to illustrate how
parametric descriptors can be used to distinguish between categories of
features.

(Figure J.5A) In representation at large scales, the width of the
river in graphic space is proportional to the actual width of the
geographic feature which it represents. With scale reduction, the river
width on the map should decreasa, and this in linear proportion to the
scale change. This kind of generalization is similar to the situation of
measuring river width on air photographs taken at increasing altitudes.
Thus the double line feature can represent scalad width of the river, as
long as the size of the river permits resolution of each side of the river
bank at scale. (Realize that the limits of resolution will occur at a very
different scale for the mouth of the Columbia River, for egample, than for
its headwatears. Thus it is the shape of the line spacing plot whiech is
important, rather than an absolute delineation of map scales across the

axis.)
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Deiow this limit of resolution, the river should most appropriately be
symbolized by 2 single line. The relationship between plotted width and
actual width will change suddenly with the single line representation, and
this is shown by the vertical jog in the plot. The single line may be
narrower than the feature which it represents, at this scale. With further
reduction, however, and especially if line width is kept constant, the
relationship between graphic and geographic width may rebound somewhat, as
shown in the plot, and then tail off towards some equilibrium value at
which the cartographer decides to remove the feature altogether from the
map. This equilibrium may or may not be an accurate depiction of river
width at scale. More likely, it will be a function of the importance of
the river to the particular map purpose.

(Figure 3.38B} It can be seen that the shape of the plot for spacing
of line symbols of a fjord differs somewhat from the plot of a river. They
appear simiiar at large scales, and there is the same linear relationship
between graphic and geographic size for the representation of the fjord.
At the limits of resolution, however, both lines of the fjord symbol will
be removed: by cartographic convention, fjord structure is not defined by a
single Iine. This convention is reflected in the abrupt termination of the
structure plat.

(Tigure 3.5C)} The third plot stands in juxtaposition to the first
two, because roads are man-made rather than naturaly-occurring features.
For fijords and rivers, the double symbol is irreqular at larger scales:
the pair of Iines are only roughly parallel, because they represent
irragular taerrain. For parallel lines symbolizing a road or highway, of

course, this is net true. The sides of the line symbol in this case will
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be quite regular, teo reflect this structure on the ma.p. At certain scales,

a2 road might be indicated as a pair of lines whose spacing drops linearly
with scale reduction (as with the river and the fjord symbols). At the
limits of resolution, the representation may be retained as a double line,
as - is the representation of interstate highways on a read map. With
further decrease in scale, the symbol is not deleted, nor is its width
reduced. Line spacing will eventually become much Iarger than the
geographic width of the road, and the road on the map will become "larger
than life".

An important aspect of all these plots is that each one contains an
identifiabie jog, or elbow, at which the direction, shape, and/eor
definability of the relationship changes quite suddenly. In each case, the
change 6ccurs at the limits of resolvable detail for the particular feature
in question, and the graphic depiction for each kind of feature differs
accordingly. Tor rivers, the two-dimensional areal feature is compressed
into a one-dimensional representation. The fjord, on the other hand,
disappears altogether. The road is nof changed in representation, but the
graphic symbol loses all proportionality with the geographic feature which
it depicts.

For a topographic mapping situation, one can identify quite
specificaily the scale at which the elbow in the plot occurs. The limits of
resolution are quite strictly defined as half the Map Accuracy Standard, or
0.01" (17100 ipc.h) at scale. This means that the elbow should cccur at the
scale for which river width, road width, or fjord width reached .01" on the

map. For a 1:42,500 series quadrangle, fjorded valleys smaller than about
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SG¢ feet across will not be represented. At 1:125,000, the Iimit of
resolution should be twice this. The resulting effect on rivers will be
the symbelizaton of all channels less than (00 feet wide by a single line.
And in looking at topographic maps at these various scales, it should
become quickly apparent that these standards are consistently followed.

The plots shown in Figure 3.5 describe relationships between three
hypothetical features and their graphic representations at progressive
scales, in terms of a single parameter called line spacing. The
cartographic application demonstrates how such a parametric definition may
be wused to predict the structure of graphic representations for the
category called ‘“river" on topographic maps. An analegous situation to
this type of prediction may bg found in satellite image interpretation.

One c¢an prediet the composition of land cover in an area as being
composed of grass or asphalt, by measuring spectral reflectances for each
pizel in an image of that area. The reflectance values for a cover
material are not measured at a single intensity level, but for a range of
intensities, or bandwidths. The pattern of reflectance values across all
bandwidths is graphically depicted a5 a spectral signature (Figure 3.4).
As reflactance values serve as parameters for land cover categories, so
line spacing values serve in the present discussion for categories of
linear features. The plots could most apprcpriately be called structure
signatures, each for the type of structural relationship (for example, line
spacing) which it represents.

Of course, a single structure signature may not provide sufficient
distinction between categories of cartographic representations, in

practice; other relevant parameters should also be included. Some
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consideration should be given to measures of error variance, for example,
or fractal dimension, to identify various sinuosities. Other structure
parameters might include a bifurcation probability, to compare the
branching networks of linear features. This probability could also bcla used
to parameterize the frequency with which indentations or irreqularities
deviate from the trend of a cartogaphic line: other measures of
monotonicity or pericdicity might also be derived.

The important point is that some parameters will best distinguish
certain kinds of features, but not others. In other words, nc single
structure signature, or even a single set of signatures, can provide
sufficient distinc.tions between representations of all geographic lines, at
ali scales of representation. Realize also that parallel line spacing,
bifurcation frequency, and fractal dimension are examples of structural
parameters which are of a different order than components such as error
variance and monotonicity. Topelogically speaking, the first three
parameters measure relationships between line segments, while the second
pair of parameters measures relations between specific coordinates. As a
result, the structural definitions at these two lévels should be
constructed somewhat differently. Signatures can be derived for both kinds
of parameters, however, and it will be shown in this dissertation that the
parameters in a signature take on a distinctive range of values for
different categories of features.

It makes sense to begin with the lower order of dimensionality
(points, as opposed to lines), with parameters such as monotonicity and

error variance, and then use these parameters to Build up a higher order
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structural definition. The next chapter describes the procedural definition
of lower order structures for four different line features, sampled from
the World Data Bank II, in three steps. First, the coordinates required
for geographic and for perceptual accuracy will be isolated; this subset of
soints will be organized in a data structure. A series of parameters will
be measured, to distinguish structural components for each line at varying
levels of resclution. Finally, the parameters will be used to build a
structure signature of the cartographic line feature from the components in
tha data structure.

It is proposed that separating one component of cartegraphic
information from another, namely separating geographic accuracy from
graphic structure, will facilitate a definition of cartographic structure.
The development of structure signatures provides a systematic technique for
graphic display of these definitions. The procedural approach is intended
to provide an empiric means of testing the success of the parametric
definitions in  distinguishing between different types of line
reprasentations. The  parametric values may alse Bbe useful in
generalization applications, as a guide by which to set and to modify

telerance criteria.



CHAPTER 4
A PROCEDURAL DEFIMITION OF LIME STRUCTURE

It has been argued throughout this thesis that overreliance on the

percepntual aspects of cartographic line generalization has inhibited its

automation. LCxristing  algorithms provide parametric techniques for
approrimating a linear feature, by simplification, selection, and
smoothing, and more recently by enhancement techniques. But  the

fundamantal probiems remain: namely, how to set parameter values, and how
to develop guidelines for treating different types of cartographic lines in
diffarent ways. These are hurdies which a perceptual approach to
automation cannot yet surmount, because there is little consensus in
percentual definitions of line type.

The purpose of this chapter is to discuss an empiric procedure by
wnich types of cartographic lines may be distinguished. As discussed in
Chapter 2, the term “type of line" implies a generic category of linear
feature, for example fjord or sandy beach. Also in Chapter 3, the concept
of line character was differentiated from that of line structure, to insure
a focus on the structural characteristics of a graphic representation
rather than on perceptual aspects of line recognition.

This is5 not to say that the perceptual aspects of generalization can
be ignored. To the contrary, a sound algorithm will retain recognizability
as well as line accuracy. Howevar, information about recognizability is
not sufficient, in and of itself, as a starting point for creating a sound
algorithm: it is merely one step in the process. This is an important
distinction, which may affeet not only the values chosen for the

algorithm's tolerance parameters, but also the kinds of parameters which
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are usad.

Tor erxample, although a particular coastline may be recognizable as a
fiord as it is generalized for diffatent map scales, the requirements for
representing its detail, its 'fjord-ness', may change from one scale to the
next, Thus to consider the structural characteristics of a line is to
consider the way that details fit together in graphic reprasentation, and
the way in which these graphic relationships change with changes in scale.
This is the basis of the procedural description to be applied in this
chapter, to study graphic relationships between coordinates, and then to
consider the higher order relationships between line segments.

It sghould be understood that the power of any given description
technique should lie in the facility with which it may distinquish batween
diffierant categories of line features. One hypothesis of this thesis is
that the pattern of these changing relationships will be distinct from one
category of cartographic line to another. The purpose of this chapter is
to research this hypothesis, wusing four different cartographic lines. The
procedural dascription as developed will incorporate the previously
discussed components of geographic and perceptual accuracy, as well as the
statistical infermation which has been proposed to measure cartographic
line structure. Accordingly, the parameters developed in this chapter wiil
be analyzed for their discriminating ability, and developed as structure

signatures for each of the four cartographic lines.

-}

he Sample Cartographic Lines

Four line features were sampled from the World Data Bank (WDB II), a

ClA-produced cartographic data base containing roughly six million
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coordinates in five separate files. All points used feor this study were
sampled from the North America file, at an initial resolution of
approzimately one point per mile. TFigure 4.1 displays the line features at
a scale of 1:3,000,000.

The scope of each linear feature is limited by the display window
provided by the high resolution graphics memory of an Apple II
microcomputer (screen size is 280 by 190 pizels). All lines were
transferred to the Apple's UCSD Pascal operating system, and all line
measuremants were computed from these microcomputer files. Table 4.1 lists
the geographic locations for each line feature, along with some nominal
indices for each line file. Figure 4.2 displays inset locations for each
iine, to better illustrate its geographic Iocation.

TABLE 4.1
GEOGRAPHIC INFORMATION FOR THE SAMPLE LINES

Range Areal Extent Number of Mean Point

File Name Lat/Long (stat.mi) (sq, mi) Points Density
FJORD so:oo‘ - s5°11"  81.56 12,333 500 4.50
(British Columbia) 124 10 - i27°34' 151.22
HupoyY " 59° 30 -~ 41" 39" 148.84 12,386 306 2.75

'S [ o ]
(Hudson Bay) 76 16 - 78740 83.22
S10UX 42°40' - 43°s8" 89.74 13,154 331 2.89

(Stouz Falls,S.D.) 97°02' - 99°54" 146.59

TLCXAS 27°32' - 238°s0°  89.51 11,541 531 4.94
(Galveston, Texas) 95°35' - 97°41’ 128.94

NOTE: distance computations according to Appendix D of Robinson, Sale, and
Morrison (1973)

NOTE: Mean Point Density = number of points divided by the square root of
the areal extent

* File HUDBY has been rotated approxzimately 3t° counterclockwise, to fit within
the window provided for by the Appla II high resolution graphics memory.
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Before deveoloping the procedural descriptions for these four sample
line files, it may be useful to demonstrate several other techniques for
line structure description which are commonly applied in a cartographic

context.

Three Alternatives for Structural Description
Each of these four lines can be described in a variety of ways. They

were chosen because they differ in terms of at least two kinds of commonly

applied descriptive techniques, namely geomorphic and mathematical
descriptions; and these lines should offer a range of procedural
descriptions as well. To explain, one could consider each coastline as a

plot of some (very complex) mathematical function, most likely a series of
some sort. The function which describas the Hudson Bay (hereafter, the
lines will be referred to by their file designations -- the Hudson Bay line
will be referred to as HUDBY) coast would need to be monotonic overall, and
to include terms which introduce periodic oscillations which occur with
increasing frequency at increasing resolutions of display. A Fourier
harmonic function might provide a very good approzimation for this
particular coastline.

The dendritic river included in SIOUX is also very monotonic, or at
least each of its segments is monotonic; and its mathematical description
should express this characteristic structure. But fhe most notable aspect
of this line feature is the bifurcation of one river channel into several.
Notice that none of the periodic oscillations of HUDBY is apparent in this
line feature. Accordingly, the kinds of terms, perhaps even the number of

terms, and thus the series function as a whole, should prove diffarent from
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one lina feature to the next. These two examples should give the reader a
feeling for the application of a purely mathematical description of
structure. Here, the line is an isolate, an abstract object in numeric
space. Other déscriptive techniques can be applied to the sample lines,
however, which attend to the surrounding environment as well as to the line.

The  cartographic lines might. also be considered in terms of the
geomorphic process by which they wera formed. For example, the drowned
river valleys apparent in FJORD reflect the submergence of a coastal area
subsequent to the glacial erosion of its river beds. A description of this -
type would explain quite well the processas at work in forming this
particular scene. HUDBY similarly reflects a glacial process, specitically
the emergence of a coastal area by isostatic rebound, a tectonic
compensation for recession of glacial icepack from the region.

The TLXAS scene is not glacial, but is rather a depositional feature:
sand and silt deposited at the mouths of rivers have been moved by coastal
wave action, and transformed into longitudinal spits and barrier bars. The
SIOUX river basin displays still another geomorphic process. This scene
displays the branching of 4 drainage system over a2 consistent bedrock
material, accompanied by deposition of alluvial materials along the path of
the meandering river bed. The branching pattern should become dendritic
when the river flows over harder bedrock materials, as here in 3I0UX; it
should form alternatively a trellis pattern when passing over softer
bedrock, as is the case for example along the floodplain of the Connecticut
River (Strahler and Strahler, 1978).

Several comments about geomorphic line descriptions are appropriate at

this point. First of all, these dascriptions reflect a system at work,
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rather than (as in the case of mathematical descriptions) an isoiated sat
of linear objects. The terrain which lies adjacent to the coastline or
river will determine in part the local shape of the graphic line, and a
geomorphic description will take this into account, which is an obvious
advantage of this sort of description.

On the other hand, it should be apparent that the various geomorphic
processes may work to produce very similar looking features, for example,
the reservoir in SINUX, the barrier spits in TEXAS, and the river valley
shapes in FJORD. Because the processes which formed these features are so
different (respectively, erosion, deposition, and submergence), the
features' geomorphic descriptions are different. As described, then, none
of the visual similarities are made apparent. This is plainly an
aberration, in the context of automated generalization: the computer-
rendering for all of these features might proceed more efficiently from
similar or equivalent sets of construction rules. Effectively, the
geomorphic description alludes to the feature, and not necessarily to its
cartographic representation.

When generalizing map features, a cartographer works not in geomorphic
space, nor in purely mathematical space, but in a kind of graphic space,
which partly overlaps the two. If the measurements and descriptions of the
features to be generalized are made within this graphic framework, then it
may be possible to avoid such conceptual aberrations, in computer
generalization and computer generation alike. This is the purpose of the
procedural description, to provide rules by which to recenstruct line

characteristics by mimicking those visual cues we expect to find in a
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graphic representation at a given scale. A procedural description is also
aimed at generating tples which a computer can use to distinguish between
types of graphic structures. Once again, the four sample cartographic
lines may serve as examples of this third type of description.

The visual appearance of the FJORD line is characterized by pairs of
Iong irregular lines, which are roughly parallel to the trend line from
which they deviate. Spacing of these pairs of lines is relative to the
scale of !:he representation. It is interesting to note that this
description of line pairs would also describe the visual character of a
representation of river beds along a drainage network at a fairly large
scale, or of a man-made resevoir above a river dam at a smaller scala. Tha
dammed Iake in the SIOUX provides an example of this; but note that the
similarities are somewhat scale dependent.

The geologic processes which have formed the terrain around the river
beds in SIOUX may be different from the geologic formation of the coasts in
FJORD; the featuraes are quite different geomorphically. However, the
cartographic representation of the features is quite similar; at certain
scales, then, their graphic structures may converge. To define these
structures in strict terms of geomorphic process may by useful for some
purposes, but misleading or even unnecessary in the cartographic context.
Notice, however, that some degree of overlap does esist: the procedural
description includes several references to purely geometric relations
(parallel and perpendicular, eg.) -- and also to the geomorphic features
which are being described. The TEXAS file will provide further evidence of

this overlap.
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The barrier Dbeach in TEXAS is identifiable by the short river mouth
bays which occur at regular intervals along a slightly scalloped trend
line, and by the smooth and narrow longitudinal bars which rapeat the
scalloped pattern of this trend. The indented bays are wider at a given
scale than are the indentations of the FJORD coast, and tend to bifurcate
into multiple channels more often than do the {jords. Nevertheless, the
barrier beaches are visually similar to fjords, at certain scales; but
perhaps this is due to the parallel aspects of both indentations, and to
the nearly perpendicular angles at which the indentations occur.

The dendritic river network is most prominently characterized by
linear bifurcations, and by the occurrence of dammed lakes at infrequent
intervals. The coast of the HUDBY line displays no such bifurcation, at
any of the sample scales; but it does have a somewhat sinusoidal
appearance. At some display resolutions, HUDBY looks very much like the
lines produced on an oscilloscene, with the oscillaticns increasing in
frequency at finer lavels of detail (refer back to Figure 3.1).

Of course, in the context of a verbal description, from one person to
another, a procedural approach may appear trivial, or even ridiculous. But
the purpose of the approach is not fulfillad by these simpla verbal
descriptions; they serve a5 introduction for the reader to the
quantifications and analysis which will follow. The purpose of the
procedural description is to provide a means for computer-generated
descriptions of line features, and for computer-generated distinctions
between them. Ambiguities will be counterproductive in an automated
procedure, and thus the various components of accuracy and recognizability

must be separated from the structural components during the description.



?3

The terms used will not be verbal, but will be numeric parameters, which
are as a rule more specific and more easily automated.

Finally, the procedural definition must remain flexible to conditions
in which cartegraphic structures are described and/or represented: a given
catagory of feature (say, a fjord) can be graphically described with
varying degrees of accuracy, at varying scales, and levels of detail,
depending on the purpose of the graphic display. For example, is the fjord
to be generated for an arcade game, displayed in a flight training
simulator, or stored in memory for a navigation check in the path routing
algorithm for a cruise missile launch? Accuracy, recognizability, and
structural details play very different roles in each of thegse types of
computer generalization; and while the same computer line file may not be
equally useful in all three situations, the procedures by which the three
line files are generated and generalized should be quite similar.

The rest of this chapter will discuss parametric descriptions of graphic
structure for the four cartographic lines, by procedural means. The
procedures will be developed in two stages: first to be derived will be
parameters based on relationships between coordinates in the line, that is,
parameters of low order structurae. One example of this kind of parameter
is the error variance of a line. Low order parameters may be wused to
build structure signatures, and to analyze the extent to which the four
sample lines can be distinguished from each other.

The sacond stage of the procedural description builds on the first, by
augnmenting the low order measurements with parameters which are based on

relationships between segments of the line. One example of this kind of
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parameter is the spacing between roughly parallel lines, as described in
the previous chapter; another is the fractal dimension, or the rate of
increasing line length as more and more sagments are resolved. Whereas the
low order parameters can be used to distinguish between cartographic lines,
the higher order structure parameters can be applied in line identification
tasks.

Taken together, the parameters may be used procedurally to describe
and differentiate between categories of cartographic lines; in this way,
the procedural approach may be used to automate line discrimination tasks.
Once able to distinguish categories of features, a computer algorithm may
be designed which applies procedural descriptions to identification and

representation of cartographic features similar to those already described.

Justification for the Procedural Description

Measuring those characteristics of a cartographic line which help to
distinguish between generic categories of lines is the first stage in this
study of structure. Here, the focus will be on the coordinate
relationships, as opposed to focusing on the higher order line segment
geometry. Attention will be paid to how the measurements differ between
the lines at any single display scale, and also how the measures for each
line change for finer units of measurement.

This is an approach similar to the work of Richardson (1941), who
sought to determine accurate coastline lengths by repeating his
measurements many times with smaller and smaller units of measure.
Mandelbrot (1967, 1977, 1982) has also used this kind of piecewise concept

to study the rates at which coastline lengths increase, and to develop his
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concepts related to fractal dimension. Line lengths will be measured in
this study as well, in an attempt to replicate Richardson's resulits. But
other measurements will also be made, and repeated, for smaller and smaller
pieces of the line. These measurements will be based on Peucker's (1975
theory of the cartographic line, and also based on the concept of epsilon
( @) length developed by Perkal (1944) (see also Chrisman, 1981).

Paucker (now Poiker) considers line segments as having an areal extent

which tends to decrease with increasing scale of display. 1t is
probabilistic, in the sense that the ‘true' line is more closely
approximated in representation at larger scales. Thus the representation

of the line becomes 'thinner’' as one is able to resolve more and more of
its detail. The theory is well applied to line generalization: the
thinnest possible line will be displayed at the maximum possible
resolution, i.e., when every original coordinate is included in the graphic
representation. The importance of the thecry is that only rarely does one
need to display all of the original coordinates. In fact, many
cartographic tasks are facilitated by operating on a subset of these
points. Most notable as examples here are the common sorting and searching
tasks, such as line intersection procedures, and point~in-polygon searches.
The subset of points is chosen hierarchically, to define for each line
segment an overall direction, a length, and a width; Poiker defines these
geometricaly as a minimum bounding rectangle surrounding the line segment.
As the line is broken into smaller subsegments, the bounding rectangles
(which Poiker calls 'bands') will decrease in size. The width of the
rectangle is considered akin to a bandwidth. Within a particular

bandwidth, then, certain frequencies of line detail can be resolved.
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Poiker's theory is gimilar to, but not based on, the research of
Julian Perkal (1946), which was discussed in Chapter 2. As a brief review,
Perkal suggested that any graphic representation of a line is at best a
probabilistic approxzimation based on the resolution of measurement. In
other words, no matter how precise is the measurement, ceartain details of
the original line feature will be lost (unresolved). As a solution, he
davised epsilon (€) envelopes around aach line -- the envelopes are of
finite areal extent, and are intended to subsume the line and its
(unrasolvaed) detail. Parkal approzimates the line length by measuring
instead the langth of the envelope, arguing that this value will approach
the ¢trua langth as the widih of the envelope approaches zero (at maxzimum
resolution).

Both Poiker and Perkal have encompassad an irreqular line feature with
4 more regular pelygon feature, and as a rasult have made their measurement
tasks much simpler. Perkal was interested in measuring the length of a
line, and Poiker concerned with searching, sorting and topolegic relations.
Tha verity of their measurements is predictable, as a function of the scale
at which the measurement takes place. It is a logical axtension from these
two studies to the problem at hand, to approximate the structual
characteristics of cartographie lines by measuring the structure of a
simpler bounding figure; and further, to study changes in structure by

ehanging the size of the bounding figure.

Chossing the Measurament Parameters

The bands developad by Poiker offsar a simpler geometry than the more

irregular sausage shapes of Perkal's epsilon envelopes, and these bands
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will be applied to the four cartographic lines. Five parametric measures
will be developed: three of these refer to the structure of the band
itself, and twe others to the details of the line sagment contained within.
These measures are for low order structure, and the line will be treated as
a sequence of related cocrdinates. Before describing the measures, it may
be helpful to concider how these measurements will be organized in order to
study and compare line structures.

Dana Dallard (i981) has developed a data structure by which to
summarize line segment information. The data structure is used to
facilitate graphic representations of irrequiar curves, and is called a
Strip Tree. The structure is a binary tree: at each node is contained a
record which includes fields for two (X,Y) coordinate pairs and two width
measurements, as well as pointers to other record nodes in the binary trae.
The coordinate pairs define the endpoints of a line segment, which Ballard
terms a ‘strip* (hence Strip Tree); this strip is conceptually equivalent
to one of Poiker's bands, as the original curve can be closely represented
by straight line strip approxzimation, at varying levels of resolution.

Ballard's contribution is to provide the mechanics for the bandwidth
encoding theory. Figure 4.3 showsg a Ballard strip, with labels to its
asscciated data structure. In the figure, the last two fields of the .ecord
contain peointers to subsequent records in the data structure. Two pointers
are inciuded, to point at each 'half' of the subdivided strip. In Figure
4.4, an imaginary curve has beaen broken into subsaegments and organized
graphically as a full strip tree, to show how successive levels in the tree

contfain finar resolution representations of the curve. Because more of the
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A STRIP TREE DATA STRUCTURE
(after Ballard, 1981)
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original peints in the curve are included as strip endpeints at each
successive level, representation will become more and more accurate at
these lower levels.

A modified version of the strip tree will be used to organize the line
measures in this study. The modification will enlarge each record, to
include a larger number of fields in which to store the five structural
parameters measured for each of the line segment bands. The parameters to
be stored are illustrated in Figure 4.‘5, and have been designed to include
not only the geometry of the band, but its relationship to the details of
the line segment contained within.

Bar_xd geometry is defined by four parameters: first is the length, or
the Luclidean distance between endpoints. This straight line distance is an
anchor for other parametars, »which will be expressed as proportions of this
value; and the straight line connecting the endpoints will be referred to
as the ancher line throughout the rest of the analysis. The second two
parameters are closely related: the width of the band overall, and the
signed value for the larger half of this width. This second parameter is
computed as the maximum deviation of any point in the original segment from
the anchor line. The sign of this value (negative or positive) determines
on which side of the line the maximum deviation falls. Notice that if the
maximum daviation is exactly half the magnitude of the overall width, the
band can be seen to be symmetric about the anchor line, and further,
consider that a symmetric band can be subdivided into non—symmétric bands.
This is an ezample of the way in which band geometry can be used to study
cartographic line structure, and of the manner in which these parameters

should be interpreted.
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A third parameter included in the strip tree data structure measuras
the length from the beginning of the anchor line to that point along the
anchor line from which the maximum deviation is measured. This measure
will be referred to as the segmentation parameter; it is also standardized
to the length of the band. In a way, this parameter measures Iongitudinal
symmetry of the band, in similar fashion to the cross-sactional symmetry
implied by values of band width and maximum deviation from the anchor line.

Two other parameters refer more directly to the line segment contained
within the band. The first of these measures an error variance, and
computed as the sum of the distances of all coordinates in the segment from

the anchor line. The measure is constructed in general format for variance:

2
24
E(dz) =

error variance = n

n-1

The term error variance is used, because this measure represents a probable
displacement error which should accrue by mazimum generalization. In other
words, by representing the original set of coordinates by only two
coordinates, the anchor line endpoints in the strip tree, what is the
maximum error which can be measured in the generalized line? Error
variance valuas are reported in coordinate units of the Apple screen.

The second parameter is called monotonicity, and is a measure of the
probability that the (n+17‘th point in the original line will fall on the
same side of the anchor line as did the nth point. It is computed as the
number of times the original line crosses the anchor line, divided by the
number of points in the original line contained within that particular
band. Both monotonicity and error variance are considered as probability

measures, a3 point which will be referred to again during the second stage
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of the procedural description.

Five parameters (band length, width, segmentation, error variance, and
monotonicity) describe the geometry of the line. All of the measures
(except length, which can be computed) are to be stored at each node in the
modified strip tree. Also stored in the strip tree are the coordinate
endpoints of each strip, and the number of coordinates in the original line
encompassed by each strip. Taken together, these parameters provide
representative summaries of the original cartographic line, at increasing
levels of resolution.

It will be shown that the information in one strip tree may be quite
distinguishable from the information in another, and this kind of
distinction may be wuseful in identifying generic categories of line
features. In terms of line generalization, this implies that the measures
in the strip tree could provide preliminary computer-generated gquidelines
3s to where along a comples line feature the smoothing or simplification
tolerance values might best be changed. Before discussing this further,
however, the extent to which the parameters make such distinctions possible

must be determined.

Building the Structure Signatures

In generating a procedure by which to subdivide the four cartographic
lines, attention must be paid to the purpose of this subdivision, and of
the parameters derived from it. In the most general terms, the subdivision
is aimed at distinguishing between categories of cartographic lines. Line
distinctions are important for generalization in order te retain the

balance between accuracy and recognizability of the cartographic line.
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Accuracy is retained by specific coordinate position: some of the
coordinates may define geographically important locations, for example, the
intersection of two river channels, or the location of a city. Inclusion
of such locations in generalization is closely tied to the purpose of the
map, and to the geographic scope of the mapped information.

To simulate this aspect of generalization, a set of nine coordinates
was marked in each of the four line files. These points included the first
and last point in the file. In the SIOUX file, the seven points included
intersections of river channels and the two extreme ends of the researvoir.
Points were chosen randomly in the other sample line files, because no
clear indication of geographically critical points was visually apparent.
Figure 4.6 displays the locations of the nine coordinates chosen for each
cartographic line. _

These coordinates are intended to simulate «critical positional
information for each cartographic line; this means they should be retained
regardless of the degree to which the line is generalized. Therefore,
these points will be included at all levels in the strip tree data
structure: the first level of the tree for each cartographic line is thus
composed of not one but eight nodes. Each node represents a line segment
bénd which is bounded on either side by a point required for geographic
accuracy.

As these endpoints will be repeatedly included within each lower level
of the data structure during the subdivision process, it will be possible
to plot a representation of the complete line using only endpoints and
anchor lines from any single level of the strip tree, and to rely upon the

fact that the geographic accuracy will be constant for any level chosen.
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Appendix A includes illustration of the initial eight bands for all four
sample lines, and their associated measures of low order structure. These
bands form a starting point, from which all further subdivisions will proceed.

A cartographic line contains another kind of positional information as
well, as discussed in Chapter 3. These coordinate locations are not
absolutely important, but serve to define position in a more relative
sense. The coordinates lie in the vicinity of masimum angular change; and
their inclusion in a generalized feature has been shown to maintain
recognizable shapes and perceptual accuracy in linear representations
Attneave, 1954; Kelley, 1977; Marino, 1979). As opposed to the
information raquired for geographic accuracy, in which all coordinates are
required at all levels, this information appears to be hierarchic. That
is, not all of the coordinates are critical to line character recognition
at all levels of resolution, but those points which are determined to be
critical at coarse levels tend to be chosen for finer resclutions as well
—- the isolated studies of Marimo and Kelley demonstrate this overlap quite
clearly. In the present study, a hierarchy of points critica'l tc
perceptual accuracy will be selected as band endpoints for the rest of the
line segment subdivisions. In conjunction with the gecgraphic points,
these should prove useful anchors on which to base measurements of the
lines, as each band so constructed can be said to comprise a visual and/or
geographic unit of the cartographic line.

To select these perceptually critical points, the eight initial bands
of each line have been further subdivided using the Douglas-Peucker (1973}
generalization algor.ithm, which selects points based on maximum

perpendicular deviation from the band anchor line. This algorithm has two
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advantages: it can be implemented in a small amount of core memory, which
is useful for working in microcomputer environments; and also, the
algorithm has been shown to select points similar to the set which map
readers would consider critical to retaining line recognizability during
generalization, that is, to retaining perceptual accuracy (Jenks, 1982,
personal comunication).

As a point is selected, it is entered into the strip ftree as an
endpoint for both child nodes of the given band. The other endpoint for
each new band is replicated from one endpoint of the original parent band
(Figure 4.7). As it is brokenm out, each line segment band has been
measured according to the five pa'rameters (band length, width,

segmentation, error variance, and monotonicity) described previously.

The subdivision process terminates for any band when c¢ne of two
conditions has been met. First, termination will occcur if the current band
encompasses fewer than five points in the original line; or second, it will
occur if the bandwidth narrows to the resolution of a straight line. In
either situation, the lines' irregularities are not resolvably different

than the band which encompasses it, and further subdivision and measurement

would not be meaningful. Figure 4.7 illustrates the second criterion for
termination, for a hypothetical band. On the Apple screen, the minimum
resolvable bandwidth is five pixels. Appendix B includes the measures

collected for each band in all four cartographic lines, with an explanation
of the algorithm designed for this task and a more specific description of
the data structure.

Only five Ilevels of subdivision were possible, or actually, four

levels beyond the initial subdivision into eight geographic bands. Any band
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which reached the threshold criteria was not subdivided further, but was
instead replicated as a single node at the next lower lavel in the tree,
and at ali levels below that one. Building the tree in this way preserves
the integrity of the cartographic lines by resolution level: any single
ievel of the strip tree can provide a strip reconstruction of the complete
line.

One disadvantage of building the data structure in this way is the
certain introduction of empty, or ‘mon-significant' nodes: when a single
band is replicated in place of two nodes in the level below, it must stand
in place of four nodes in the next level beyond; this is the nature of a
binary tree. Conceptually, this replication implies that all of the
significant details in the given segment have been resolved by the current
band, and that requirements for recognition and reprasentation of the given
line segment will not change when ‘the line is displayed at finer
resolutions. Steinhous (1950), who first published the mechanies for
enveloping line details within reqular polygons, would say that at this
point, the line segment has been "rectified".

As more and more segments are rectified, the strip trees will becone
increasingly sparse. In a full and balanced tree, with all nodes

significant, the progression of the number of nodes in each level would be

2(n+2), where n equals the tree level. This means that there should be
822142 nodes in level 1, 16=2%*% nodes in level 2, and then 32, &4,
etc., nodes in subsaquant lavals. In all four strip trees, though, only

the first two levels were filled with the total number of significant nodes
possible; beyond this Ievel, some bands in every line became rectified.

This is5 in part due to the original choice of (eight} bands, which was
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purposely randomized to simulate the cartographer's lack of control.

As each level in the tree is created, it is possible to predict how
many bands can be meaningfully subdivided to create the next level of the
tree (Table 4.2). By completion of the fifth iteration for the sample
data, it was found that over 90% of the line segments had been rectified.
Cut of a poszibie 258 nodes, then, the next level in the tree (which would
have been Level 4} for every line would contain less than 10% of the new
bands possible; therefore, the subdivision process was terminated at this
point (Fiéure 4.8).

The final task in building the structure signatures involves
consolidating the information stored in each strip tree. For each line.
the parameters have been summarized by computing a mean and a variance;
a coefficient of variation has also been calculated, as a more meaningful
axprassion of the very large variance values. Overall band width and the
parameter for maximum deviation are quite similar: as a result, these have
been converted into two related measures, qegative width and positive
width. These are equivalent to Ballard's parameters called 'width left'
and ‘'width right": by either name, they refer to the partial band width
falling on either side of the anchor line.

Appendix C displays all summary values for all parameters for the four
cartographic lines. These summaries are also stored as a look-up table
whose primary indeg is keyed to the name of the line -- FJORD, HUDBY, etc.
The keyword FJORD will therefore access all summary parameters for any
desired level of resolution. The purpose of this look-up table will be
aexplained in detail in the second part of the analysis, and during

reconstruction of the line features. But first, the parameters themselves
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will be studied, to analyze their power to distinguish between the four

types of cartographic lines.

TABLE 4.2

SIGNIFICANT NODES AT EACH LEVEL IN THE STRIP TREE

Number of Nodes Added During Each Subdivision
(new nodes at each level)

Level
) 14 244 237 A Bigg  Lb82ag
File
SIoux 8100 6000 188 18m 10 g 62
HUDBY 8 16 20,3 18gs Yy 2
TEXAS 8 16 250 2ag 2247 16
FJORD 8 16 gy 3.,  30q 164
Total Number of Nodes After Each Subdivision
(new nodes plus rectified nodes?
Level
1 2 3 4 =

File 8 16 32 4 128
S1oux 8100 6000 25078 34(53) 3930
HUDBY 8 16 26 g1, 35 s, 42 g,
TEXAS 8 16 28 g, 40 o 51 a0
FJORD 8 16 30 54y 48 25) 63 (49

NOTE: Numbers in parentheses refer to percentage totals,
which are subscripted to each column heading.
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Siqnatures for Low Order Structure

Summaries by Mean Value

The signatures displayed in Figures 4.9-4.12 illustrate mean parameter
values for all five measures, at each level of subdivision. All measures
except error variance range from 0.00 to 1.00; they are standardized either
to band length or (in the case of monotonicity) to the numbér of
coordinates in the original line. Only significant bands' measurements
have been included in the summaries; thus the fact that strip width
parameters plotted in Figure 4.9 approach zero is due to decreasing strip
width, and not biased by the inclusion of increasing numbers of rectified
bands. In Chapter 3, it was mentioned that the strip width measures
indicate the degree of cross-sectional symmetry evident in the line at
increasing levels of resolution.

In Figure 4.9, symmetry can be interpreted by comparing the
magnitudaes of the negative and positive widths for each line. The SIOUX
signature shows cross-sectional symmetry at all levels of resolution, while
the TEZXAS line displays the least symmetry of the four lines. The strip
width parameter shows an interesting progression across these lines: the
rate at which the bandwidth narrows varies distinctly from one line to the
next. Coupled with the .i.nterpretation of (non-} symmetry, one might imply
from these plots that the SIOUX line is less convoluted than are any of the
other lines, and that FJORD and TEXAS display the higiiest number of
irreqularities, at every level of resolution.

Plots for the error variance parameter (Figure 4.10) tend to confirm
,this interpretation. Mean error variance decreases for all four lines,

from one level toc the next; but the rate of decrease is highest for TEXAS.
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Furthermore, the progression for this measure is identical to the
progression for strip width signatures (first SIOUX, then HUDBY, FJORD, and
TEXAS). As a tentative interpretation, one might combine these two
parameters to infer a progression of linear complexity in the four lines.
Further evidence for this conclusion will be provided later in the analysis.

It is also interesting to note the distinct elbow, or jog, in three of
the four error variance signatures. In Chapter 3, a jog was indicated for
the line spacing plot example (Figure 3.5). The jog was said to be located
at the limits of accuracy for the line spacing symbol. Below this scale, a
change in the structure of the graphic line was indicated, to preserve an
accurate visual relationship between the cartographic line and the
feature it represents.

Here, the error variance parameter measures the sum of the squared
deviations of original coordinates from the anchor lines, which is in
effect a mean squared error accrued by producing straight line
representations of the lines at coarser levels of resolution. The jog in
the structure signature may be interpreted as indicating the Ilevel of
subdivision below which simple anchor line plots can no longer provide a
visually accurate representation of the original line at scale.

In this contert, the error variance parameter can be considered as a
measure of generalization accuracy for the Douglas-Peucker algorithm which
directed the subdivision process. While it is no surprise that the amount
of generalization error tends to decrease at finer resolutions, it is
interesting that the pattern of generalization error differs distinctly
from one type of cartographic line to the next, and that the jog occurs at

different levels. Prior to this study, it has been commonly presumed that a
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sound algorithm such as this one produces generalizations <f comparable
accuracy feor all types of line features.

Since parameters of low order structure have been measured by
subdivisions based on perceptually critical points, one could go a step
farther, perhaps, to hypothesize that the jog in the error variance plot
marks a level of resolution beyond which line recognition occurs. Anchor
line plots for all four lines are illustrated in Appendix D. In looking at
these plots, notice the level at which the anchor line plot begins to look
like the original sample line. For many readers, the SIOUX plot may become
recognizable at a much earlier level than, for example, the FJORD plot.
However, this sort of prediction cannot be certified without empirical
tests, which are beyond the scope of the present dissertation. For the
time being, then, this must remain as speculation, and as a suggestion for
future research.

Structure signatures for the segmentation parameter are displayed in
Figure 4.11. This measure has been standardized to the length of the
anchor line; thus 2 mean value of 0.50 implies that bands are being split
in half at a given level of subdivision. The structural interpretation is
one by which Ilongitudinal symmetry nay be compared: line segments
containing consistent magnitudes of deviations frem one end te the other
will tend to be broken at their midpoint. On the other hand, subdivisions
will occur off-center for segments whose deviations aré inconsistent.

In this contert, one can see that the SIOUY file is quite symmetrice,
within this range of resolution. The subdivisions in the TEXAS file also

oscillate about the anchor line midpoint, but here the patternm is more
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pronounced. There is a definite trend in the segmentation of the FJORD
file to occur towards the ends of the band at finer resolutions. HUDBY
disQIays a similar, though weaker trend; however, this last is a cautious
interpretation, as the trend is hard to verify given only five subdivision
levels.

Because the segmentation parameter measures the place at which a

maximum deviation occurs, it will of course be affected by the largest

magnitude irregularity which lies within the band. If this magnitude
remains in constant proportion at all levels of resolution, then
segmentations will alse tend to occur in constant proportion. The

structure signature should reflect this consistency, as happens in the case

of SIOUX. In the FJORD and TEXAS files, however, the segmentation process
resolves several magnitudes of irregularity. The fact that the TEXAS
signature rebounds to 0.50 at finer resolutions inplies that the smaller
scale deviations are homogeneous, and consistent along the length of the
line, even though the larger scale irregularities are not. The trend of

the FJORD segmentation signature implies a different structure again:
increasing irregularity is resolved with finer and finer subdivisions of

the original line. As with Mandelbrot's fractal curves, this line seems to
become more complex at finer levels of resolution.

The fourth structure signature (Figure 4.12) measures monotonicity,
which is the number of times the original line subsumed by a band crosses
that band's ancher line. This measure is standaidized by the number of
points in the line segment. One can think of monotonicity in a
probabilistic sense, the probability that two adjacent points will fall on

the same side of the anchor line. This parameter is not affected by the
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magnitude of the deviations along the original line, but rather by the
freguency with wheih they occur. Keeping this in mind, then, the mean
monotonicity signatures can be interpreted as follows.

For SIOUX, the monotonicity levels off early in the subdivision
procass. This does not mean that the frequency of deviations is constant
at all levels of resolution, but rather that it begins to drop, as fewer
coordinates are bHeing subsumed in each band. There is a sharp rise in the
signatures for both FJORD and TEXAS, where the coastlines display a
distinctly smoother side and a more sinuous side. The rise in the structure
signatures reflects the fact that with further subdivisions, the anchor
lines more closely approximate the original coordinate set, by passing
through the middle of this set, and not to one side of it. At the finest
level of resolution, the signatures reach equilibrium, as did the structure
of SIOUX.

The only signature for monotonicity which continues to increase
through all levels is HUDBY, reflecting those oscillating deviations which
characterize this line's graphic structure. The rising parameter value
implies that the frequency of oscilations increases with finer resolutions
of the line, even though the magnitude of those oscillations (as measured
by previous parameters) may not be changing very much at all.

One may summarize the mean parameters for low order structure by
saying that SIOUX displays the lowest amount of irregular convolutions,
being symmetric both longitudinally and in cross-section. 0f all four
sample lines, SIOUX is probably best approximated at all levels of
resolution by the simple anchor line plots. HUDBY displays more

irregularity, which is symmetric in cross-section, and oscillates about the
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anchor lines. The oscillations appear to increase at finer resolutions.
TEXAS and FJORD appear to be most similar of the four lines, in terms of
the complexity of their low order structure. But while the cross-sectional
symmetry of TEXAS becomes more apparent at finer resolutions, new
irregularities in FJORD continue to appear with each new subdivision. In
this respect, the low oreder structures of FJORD and HUDBY are most similar.
These four parameters (strip width, error variance, segmentation, and
monotonicity) are summaries, average values computed for rows of the strip
tree data structure. They focus on coordinate relationships of the
original line, to measure low order graphic structure. However, two points
must be kept in mind when interpreting the mean parameters. First,
structure is being measured indirectly, and approximated by measurements of
a regular polygon, the band, which bounds the original line. The fact that
this approximation is repeated for smaller pieces of the line gives better
credence tc the summaries at finer levels of resolution‘. Secondly, the
parameters have been consciously derived as probabilistic measures. For

example, in the case of monotonicity, where the original line crosses the

anchor line is not so important as the fact that it crosses it at all.

These are important points in analyzing low order structures, where
summaries are made for all bands in a given level of the strip tree,
without regard to their sequence in the level. In this way, if the
characteristic irreqularities of two lines are similar in magnitude, but
different in frequency, the mean values summarized for the four parameters
will still be similar -- the lines will be seen to have similar graphic

structure. This idea is illustrated in the top half of Figure 4.13, for
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three simple lines having a single irregularity. The mean structure
signatures would reflect equivalent values for these three lines, because
their structures are fhe same.

Howaver, mean values will also be equivalent for the three lines in
the bottom half of the figure, which displays three different graphic
structures. The solution is to summarize parameters by variance as well as
by mean; it should be clear that in making structural distinctions, the
frequency of occurrence of the structural irregularities is as important as
magnitude.

At a more conceptual level, of course, one can say that as two
cartographic lines have equal valued mean and variance for all parameters
at a given lavel of resolution, the structures of those lines can be said
te be similar. Similar, but not necessarily equivalent: this is a
probabilistic equivalence, based on approximations of structure by regular
polygons. Attention will turn to the parameter summaries by variance, as
the second part of this study of low order structure signatures. After
this, the parameters will be analyzed for statistical distinctions between

the four sample lines.

Summaries by Variance
The variance values are relatively high for all structure parameters.
This is due in part to tha small sample sizes involved in this study: each
of the line files is composed of 300 -~ 500 coordinates. These are
subdivided intc a ‘arger number of bands at each level of subdivision. By
the fifth iteration, the median number of coordinates in each band has

dropped below 15, in all four line samples, which could contribute to the
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high variance values. Therefore, the values have been converted to
coefficients of variation, which is computed as the square root of the
variance divided by the mean. This standardization to the mean should also
improve comparability between variance parameters, which are displayed as
structure signatures in Figures 4.14 - 4.17.

The interpretation of these illustrations focuses on the consistency
. of graphic structure across the bands in a given level, and on the degree
to which the mean values offer appropriate summarizations. While the
signatures display inflated values overall, one can discern clear patterns
by which the four lines may be compared and distinguished. Keep in mind
that as a ratio of the mean values, the illustrations should be interpreted
cautiously: a rising or dropping coefficient of variation may reflect a
changing mean as much as a changing variance.

In Figure 4.14, the negative and positive width measures have been
recombined to analyze the variance in band width as a whole. One can see
from the horizontal trend of its signature that the mean bandwidth for
SIOUY is an equally representative summary at all levels of the strip tree.
The FJORD line's structure is less consistent overall than is SIOUY, but
here too the coefficient of variation is fairly stable. The peak in the
HUDBY signature is difficult to interpret, as the mean band width is also
dropping in the first levels. Inconsistencies in overall band width may
be caused in part by the resolution of one or more of the graphic
oscillations which seem to characterize this line.

In the case of TEXAS, the sharp decrease in the coefficient of

variation is most likely caused by several outlying values, measured for at
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least one of the initial bands. As the line has been subdivided, a few
extreme irregularities have been rectified, and the variation in strip
width begins to drop. These outliers are evident in Table B.4 of the
Appendix: several values in the width column can be seen to be magnitudes
larger than the length of their respective anchor lines.

A plot for the first outlier value encountered in this table is
displayed in Appendix A (see strip 8--9, for the TEXAS file). This band is
notable in that it does not completely encompass its piece of the origianl
line. Of course, these esxterior convolutions become encorporated
into a band as the subdivisions continue. In part, this anomaly is due to
the arbitrary (although random) choice of initial bands; but it is also a
reflection of the extreme sinuosity of the original line, and of a graphic
structure in which band orientations tend to double back on themselves.

Most notable about the coefficient of variation for the error variance

parameter (Figure 4.13) are the rising trends for both FJORD and TEXAS.

resolutions. This was pointed out once before for the FJORD file, in
reference to Mandelbrot's fractal curves. The variance is generally stable

for the SIOUX file; once again, no ready interpretation can be offered for

the HUDBY pattern.

The segmentation parameter’s variance signatures (Figure 4.16) are
more easily interpreted; the plots are similar for the sharp rise in all
four lines, after the first subdivision. Recall that the initial
assignment of bands was random, but that the subdivision algorithm worked
on the distinctly non-random principle of maximum perpendicular distance.

The implication here is that the variance parameter is reflecting the
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change in eriteria for segmentation which occurred at this peint.

The small peak in the FJORD plot is perhaps coincidental, as is the
sharp peak in the TEXAS file. Much more interasting is the continued rise
in the variance for FJORD. This may be due to the fact that segmentation
is occurring at either end of the band, at these levels, rather than in the
niddle. The drop in the segmentation plot for TEXAS would similarly
reflect its mean value oscillating more closely about the anchor line
midpoint at finer levels of resolution.

‘The fourth signature for coefficients of variation displays the
variance parameters for monotonicity (Figure 4.17). The signature for the
SIOUX file appears to be rising; however, because this parameter is
standardized by a mean which is decreasing, one can interpret a variance
which is stabilizing in correspondance with its mean. Variance in
monotonicity is actually decreasing for the HUDBY line, indicating that the
mean parameter is becoming more reliable summary at finer levels of
resolution.

Monotonicity wvariance also decreases for the FJORD line file with
finer resolution, once again verifying the consistent increase in complex
details to be found with increasing resolution. As with TEXAS, the peak at
level 2 may indicate nothing more than the rebounding effects previously
described for the segmentation variance. The rise in the TEXAS wvariance

signature at level § is not clearly understood.
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Summary

From these eight structure signatures, one is provided visual
comparison between the sample cartographic lines of means and variance for
parameters of low order structure. The graphic details which have been the
focus here are based on relationships between specific coordinates,
including endpoints of the anchor line and points at which maximum
deviations occur. The specific endpoint coordinates have been selected by
an  algorithm which is acknowledged to retain points critical for
recognizability; and the purpose of this chapter has been to describe and
justify the subdivision process, and the graphic structures which were
measured as a result.

One may conclude from the interpretations here aspects of graphic
structure which one might expect to find in cartographic representations of
these four categories of line features. For example, one should expect in
the case of a feature such as HUDBY a line of strongly periodic deviations,
which are fairly '.small in size, but which increase in frequency with
inereasing rasolutions of representation. for a line such as SICUX, one
might also expect small magnitude deviations; one would anticipate that
these deviations would be symmetric to their trend line, and that the
visual complexity (as measured by error variance) in the representation
shouid not increase markedly at finer resolutions.

The FJORD line type is characterized in its low order structure by a
much more irregular line than either SIOUX or HUDBY, with deviations of
many different sizes. In looking at this line at finer resolutions, more
and more details become apparent. In comparison to the TEXAS line, the

TJORD line is markedly nonsymmetric in cross section. In contrast, TEXAS'
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visual complexity increases for several levels of subdivision, and then
begins to decrease once again.

Effectively, the Ilow order structure parameters are designed to
quantify those graphic relationships which are visually expected within
line segments, and which may be useful for verification of the category of
feature of which each line segment is a part. Earlier in this thesis, it
was postulated that if two lines 'behave' differently at different scales,
they can Fbe s2id to have different structures. ‘Behavior’ was loosely
defined at the time as a2 characteristic visual representation, akin to the
so-called look of the Iine.. This point can be articulated more succinetly
now, by saying that if two lines have significant differences in parameter
values, one may conclude that their low order structures are distinct
within a range of resolutions. And this suggests a direct application of
low order parameters to automating graphic representation tasks.

In a computer generalization, original line files might be checked by
a similar subdivision process, performed piecewise along the length of the
line, to determine at which bands these parameters display significant
change in mean and variance. These would mark places along the line at
which tolerance values for the smoothing or simplification algorithm might
best be changed, to reflect the changing structure in the line file. of
course, the parametersAby themselves might not be useful in choosing the
actual tolerance value. In other words, the low order parameters cannot by
themselves provide sufficient information to generalize these cartographic
lines, but they may provide numeric information by which one kind of line

may be distinguished from another. Focus in the neuxt chapter will
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determine the extent to which such distinctions are possible, for the four
sample cartographic lines. In the final chapter of the dissertation, the

algorithm for line distinction tasks will be discussed in more detail.



CHAPTER 5
LOW ORDER AND HIGH ORDER STRUCTURE
IN CARTOGRAPHIC LINES

In the Iprevious chapter, a2 procedure was developed by which
cartographic lines may be broken down into components of geographic
information, including components critical to line recognizability, and
other parametric components, designed to measure low order structure. Low
order parameters measure relationships between points  along the
cartographic lines; and it would appear that these parameters can produce
reasonable visual approximations of the specific lines which they have
measured, as shown by the series of anchor line plots presented for each
level of subdivision in the pravious chapter. It has also been proposed
that low order structure may provide a means of automating distinction
tasks between types of line features, including modification of tolerance
values during map generalization.

High order structures can also be considered parametrically; these
paranecters contrast with the low crder parameters in measyring
relationships between entire segments of a cartégraphic line. These
parameters will be described in detail in this chapter; and it will be
shown that the high order structure parameters for any given line feature
can be used to identify that line by automated techniques, and to identify
many other lines which represent the same type of feature. Before
introducing the high orders of structure, however,} attention will be turned
to the low order structures, and to the utilization of low order parameters

in discriminating between categories of cartographic lines.
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A preliminary step in applying the low order structure parameters to
line distinctions is te analyze the distribution of the parameters as a
whole. Two  questions arise here: first, to what extent is a common
pattern discernable in the parameter values for all lines? And second, to
what extent are the parameters used in the study redundant expressions of
low order structure? The first question can be addressed by comparing the
distribution of parameter values between lines, at each level of
resolution, and by variance computétions. The second question can be
addressed by analyzing correlations between parameters.

Analysis of the distribution of parameter values is an exploratory
exercise, accomplished by computing a variance for the mean parameter
values of each line. This is not the same as computing a variance for the
original measurements, but is a variance computed directly from the means.
The plots in Figures 3.1 and 5.2 display variances for all five parameters,
and also for the breakdown of strip width into its positive and negative
componerits.

Two groups of parameters present themselves. The first group is
comprised of parameters which are directly related to strip width
{including wmaximum deviation and the strip width measures). The patterns
in all of these plots can be seen to be quite similar; one would expect
that correlations between these measures should be significant. The
pattern is easily interpreted, for the band widths shouid logically begin
to drop with increasing subdivision of the line: as the mean parameter

values approach zero, then, their variance values will also stabilize.
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The other grouping of variance comparisons (Figure 5.2) are similar
in that all are measuring displacements from the anchor line. This group
includes monotonicity, error variance, and the segmentation parameter, none
of which display similar patterns. Interesting to note are the apparent
similarities between the error variance plot and the previous plots for
strip width. Also notable is the low variance for the segmentation
parameter at finer resolutions; this is interesting given the diversity in
mean values and coefficients of variation for this parameter. Most likely,
the segmentation parameter will not prove powerful as a discriminating
agent, at finer resolutions.

Monotonicity presents another interesting variance pattern here. The
first peak in this plot is probably due te the high value for SIOUX's mean
monotonicity; and the final rise may be caused by the high value for HUDBY.
It may be that monotonicity provides strong distinctions between these two
lines, at certain levels of resolution.

In answer to the first question posed in this analysis, one can
hypothesize that patterns between lines do appear to exrist, most
specifically for measures related to strip width and to sesgmentation. It
is possible that the graphic structures of the four lines are most
comparable in terms of cross-sectional and longitudinal symmetry, as these
are measuraed by parameters whose variance drops consistently with further
subdivisions of the lines.

The second question to be addressed concerns the redundancy of the
parameters, and the extent to which the parameters overlap in describing
graphic structure. This ts an important question which must be considered

prior to the disecriminant analysis, to determine which parameters (if any)
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may be discarded, and which should be included for mazimum discriminating
power. Correlations have been computed, to compare raw parameter values
measured for each band. Computations for each level of subdivision display
three distinct categories of parameter relationships. First are those
parameters which correlate significantly at all five levels of sﬁbdivision;
next are the parameters whose correlations are significant at some of the
levels; and finally those parameters which do not correlate significantly
at any level of subdivi;ion. Results for significant correlations are
displayed in Table 5.1; the threshold for inclusion is a significance of .01.

As anticipated from similarities in the variance plots, the error
variance parameter is correlated with width and maximum deviation at all
levels of resolution, with consistently high significance levels. Error
variance is also correlated with negative and positive strip widths, but
these relationships are not as strong, and they are not always significant.
The two partial strip width measures are somewhat correlated, but this
relationship 1is more Ilikely caused by the fact that both parameters
approach zero at finer resolutions. Nona of the other parameters display
correlations which are significant.

From t'hese analyses, one can conclude that parameters related to strip
width directly (as in the case of marimum deviation and partial strip
widths) and indirectly (as in the case of error variance) are redundant, to
varying degrees. Because of the consistent overlap between error variance,
overall strip width, and maximum deviation, the discriminant analysis will
include only error variance. Positive and negative strip width will each
be included, as their raspective correlations are not consistently high

from one level to the next.



CORRELATIONS BETWEEN LOW ORDER PARAMETERS

Parameters

width by max.
deviation

error variance
by width

error variance
by deviation

Parameters

error variance
by positive width

error variance
by negative width

positive by

negative width

NOTE:
cases

TABLE 5.1

Group 1 -- All Levels Significant

Level
Lyoaz 2n-gg
r= .979 r= .979
=.00001 =.00001
r= .637 r= .4613
=.00009 =.00001
r= .5462 r= .625
=.00101 =.00001

Group 2 -- Some Levels

Level
1

~“N=32  -ZN=64

ra .395

=, 001
r=-.603 r=-.4446
=.0002 =.0002
r=-.4%94
=.00002

are not included in the table.

2N=109 3nN=157
r= .958 r= .970
=.,00001 =.00001
r= .588 r= .710
=.00001 =.00001
r= .581 r= .476
=.00301 =.00001
Significant
2N=109  2N=157
r= .3095 r= .580
=.001 =.00001
r=-.445 r=-.319%
=, 0001 = . 00005
r= .22%9
=.003
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<=N=19%
r= .968
=.00001

r= .690
=.00001

r= .722
=.00001

==N=195

r= .4671
=.00001

Numbers subscripted to each column heading refer to the number of
included in each correlation.

Non-significant correlations
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Distinetions Between Categories of Lines

Discriminant analysis involves a linear combination of variables which
are constructed in order to account for a maximum amount of variation
between categories of a dependent variable. Here, the variables to be
combined include the five parameters of low order structure; and the
dependant variable is made of four categories, from the four sample
cartographic lines. Five discriminant analyses have been performed, one for
eich level of resolution.

The purpose of the analysis is to ascertain the degree to which the
low order parameters can be relied upon to discriminate between categories
of line structure. Each sample cartographic line is assumed te¢ represent

! and this is based on differences

a different structural category,
interpreted from the structure signatures presented in the previous
chapter. All parameters will be included in the analysis, except those
which were discarded during the correlation analysis. Only significant
bands have been included in the analysis.

One can presume that the discriminating ability of all the remaining
parameters will drop with increasing levels of subdivision: although more
bands are included at finer resoiutions, the paramater values drop towards
Zero. Indeed, at the finest possible resolution, each band would
theoretically surround only two points; monotonicity, error variance, and
strip width would equal zero, and the low order structure for all lines
would be identical. As a result, the accuracy of classifications of bands

based on the discriminant functions will be meaningful only within a finite

range of resolutions.
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Stepwise a2ntcy of variabliss has baen included, to better wunderstand
whizh parametars are the most powerful discriminators a: each level of
rasolution. Table 5.2 dispiays the order in which parameters entered the
analysis. Tha thresheld entry value usad in this analysis was an F-to-
Enter of 1.000: all parameters which have entersd show significant entry
values (? =0.03, with the exception of error variance in Level 4. This
would indicate that parameters reiated to bandwidth are overall most

important, after the first subdivision. It is surprising that these
parameters are consistently the first to enter, as the variance comparisons
batween lines had indicated that monotonicity should provida stronger

diseriminating power than tand width, at saveral! levals of rasolution.

TABLE 5.2
STEFWISE ENTRY OF PARAMETERS INTO DISCRIMINANT AMALYSIS
LEVEL PARAMETERS ENTERED F-TO-ENTER SIGNIFICANCE

1 monotonicity 3.129 . 041
error variance 2.598 .Q028

2 negative width q9.900 004
positive width 3.499 .Q014

error variance 2.662 .007

3 positive width 2.983 .034
negative width 2.5489 .G21

4 error variarice 2.430 QA7
negative width 2.189 041

positive width 2.477 399

monatonicity 2.168 213

S negative width 3 477 .17
positive width 2.4686 B

Brror variance 2.6489 .G0¢%
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Table 5.3 displays statistical summaries for each discriminant
function constructed during the analvsis. The eigenvalues displayed here
express the relative ability of each function to discriminate between
lines: summing the eigenvalues provides a relative measure of the total
amount of variance in the set of discriminating variables. In the next
column of the table, each eigenvalue is reexpressed as a percentage of this
variance, accounted for by the respsactive discriminant function. Notice
the sharp drop in the eigenvalue sum at Level 3, indicating a marked
decrease in the discriminating ability of the parameters included at this
point. From the previous table, one can see that of the five parameters
available, only the positive and negative widths have entered. It is
likely, given the drop in eigenvalues, that the accuracy of classifying
bands into line categories will also drop at Level 3; but this aspect will
be discussed further on.

The canonical correlation figures in Table 5.3 measure the association
between each diseriminating function and the set of variables (listed in
the final column of the table) used to construct it. The saquared
correlation values indicate the proportion of variance in the function
which is explained by the categories of lines.

The canonical values can be seen to drop in Level 3 as well. What
this implies is that the linear combinations of parameters are accounting
for less and less of the variation between categeries. In part this has to
do with the fact that the parameters used to construct the functions are
somawhat correlated: because the parameters are not independa.nt, the
discriminating power of the functions is reduced. Nonetheless, the

significance level of these functions remains better than 0.05, until the
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fifth level of resolution. Here, the extreme narrowness of bands for all
categories of lines inhibits the distinguishing capability of all five

parameters. As predicted at the beginning of this analysis, there is a
limit to the meaningful distinction of lines by low order structure, and

this limit is dependant on the resolution of the measured line.

TABLE 5.3 _
STATISTICAL SUMMARIES FOR THE DISCRIMINANT FUNCTIONS

Discriminant Eigen % Variance Canonical Discriminant Function
Lavel Function Values E=xplained Correlations Coefficients > Q.70

1 1¢.027) .3510 60.48 . .S510 monotonicity
. 2¢.050) .2293 3¢9.52 .432 error var,monotonicity
.3803
2 1¢.007) .2555 &1 .44 . 451 negative width
2¢.050) .107¢ 25.86 .312 positive width
3¢.080) 0529 12.71 .224 %
.415°9
3 1¢.020 .0953 §4.5°9 . 295 positive width
20.070) . 0522 35.41 .223 *
.1475
4 1¢.813) .0768 44 .40 . 247 error var,pos/neg width
2¢.027) .0s587 33.91 .235s error variance ’
3¢.061) . 0376 21.70 .190 x
.1731
3 10.00%) 1019 79.1% .304 neg/pos width,error var
2C.250 .0181 14.05 .133 ®
3C.198) . 0083 §&.80 . 093 *
.1287

* No coefficients are listed for non-significant functions.

NOTE: Numbers in parentheses refer to significance levels associated with
each function.
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Classification tables constructed in the discriminant analysis are
presented in Table $5.4. This table presents the accuracy with which bands
are correctly assigned to a particular line category by the set of
diserimirant funections. As pradicted, the total accuracy tends to drop
with inereasing resolution. This was previously czpiained as due in part
to the convergence to zero of bandwidth parameters which act as primary
discriminators; it may also be caused by correlations existing within the

parameter sat.

. TABLE §5.4
PERCENTAGE OF BANDS CLASSIFIED CORRECTLY

LEVEL SI0oUX HUDBY CJORD TEXAS TOTAL
1 §2.5 75.0 12.5 37.89 46 .88
2 §1.3 43 .8 37.8 37.3% S0.00
3 68.0 42 .3 5.3 21.4 33.03
4 §1.8 28 .4 33.6 25.0 36 .31
3 53.8 50.0 23.8 13.7 32.82

The Level 4 inerease in classification accuracy is probably due to the
iniclusion of arror variance as a diseriminating variable (recall that it
was not inecluded at Level 3); in the statistical summary table it is shown
that this parameter accounts for sufficient additional variance to provide
a second significant discriminating function.

Parhiaps more interesting than the total number of accuriate assignments
are the breakdowns of classsification accuracy by categories of line. The
SICUY file maintains a fairly accurata assignment rate, as does HUDBY, with
the eaxception of assignments made in Level 4. it is oresumed that thesa
itnas  are more accurately identified overall bacause they contain

irragularities =f roughly one magnitude; this aspest was discussed at
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length in the section on structure signatures. The majority of
misclassified lines have been assigned to the SIOUX file, at all lavels.
Misclassifications between FJORD and TEXAS also occur, but mostly at lower
levels of resclution, while assignments to the SIOUX category increase
with each level of resolution.

One may conclude from this discriminant analysis that low order
parameters have provided clear identification of the SIOUX bands, and salso
provided good distinctions for HUDBY (with the exception of Level 4). The
classification accuracy is Iower oeverall for FJORD and for  TEXAS
categories, but even here, the assignment accuracy remains better than
chance (25%) in half of the analyses. It is also possible to conclude that
at finer resolutions, more bands in all categories of lines contain low
order structures which are similar to the SIQUX category, because
increasing numbers of bands are assigned to SIOUX at each level of
resolution (these figures are not shown in the table). This would imply
that the Iow‘Otder structure of SIOUX is the least complex of the four line
categories; this is also borne out by the early rectification of many SICUX
bands during the subdivision procedure discussed in Chapter 4.

The low values for overall classification accuracy suggest that while
some categories of line features are easily identified, low order
parameters are not by themselves sufficient to distinguish between
categories of line features at all resolutions. A larger sample of lines,
subdivided across a larger range of resolutions, may serve to improve the
results of this discrimination task; it may also be that other measures of
low order structure exist. However, these results seem adequate to

demonstrate that low order structures do differ between categories of
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cartographie lines, and that they may serve as guidelines by which to
identify and distinguish those categories.

It is also reasonable to presume that there is a higher order of
graphic detail evident in the four sample lines, which may be useful in
distinguishing between categories. The high order structures include
details of the segment-to-segment relations, and are visually recognizable
as features such as fjorded valleys, resevoirs, bays, and sandspits. At
early levels of subdivision, these features have not yet become completely
rectified. They may be contained within a singie band, which (as shown in
the case of TEXAS) can be identified by a high error variance and/or
monotonicity which refleet the internal convolutions. High order
structures have been shown to inflate the variance values for several low
order structure signatures; they provide one possible explanation for
higher accuracy values in the initial levels of the discriminant analysis
classification table as well. The nezt section will focus on several
aspects of high order structure, and on how identification of various

categories of cartographic lines may be improved.

Aspects of Measuring High Order Structure

As previously discussed, the high order structure of a line refers to
the topology of line segments, meaning how these segments fit together to
form features along the line. Geographically speaking, the four sample
lines display a variety of high order structures: FJORD has its fjorded
valleys, TEXAS has river mouth bays and barrier spit beaches; SIOUX, on the
other hand, contains dendritic river channels and a dammed lake. Without

knowing the precise geographic location of any of these scenes, one can
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easily recognize the features which characterize each line's high order
structure.

Structurally speaking, as before, these feature descriptions take on a
somewhat different tone. A line is composed cf a trend line and certain
features whidh bifurcate from the trend; bifurcations occur with varying
frequency for each category; the features (or rather the bifurcations) will
be characterized by having a certain range of widths, lengths, and
orientations, relative to the trend line. Also, the line may be expectaed
to have a high order error variance, which measures the rate at which
irregularities in segments are rectified: this can be parameterized as a
fractal dimension. Taken together, these five parametaers ({requency,
length, width, orientation, and fractal dimension) can be used to measure
high order structures for the cartographic lines. The parameters may also
be used to identify similar line features on different cartographic lines,
and this will be demonstrated for one of the line categories.

Limitations exist in the measurement of high order structure. Because
only one sample line has been collected for each category, its
representativeness for its category cannot be justified. Thus, there is no
certainty that the FJORD file provides a best representation of features
found in all fjords, nor that the river channels in SIOUX are the best
possible sampling of dendritic features for its category. The problem of
small sample size was encountered for the measurement of low order
structures as well; and as before, this means that the technique will be
described and illustrated, with the reader's understanding that the

structure signatures which result are at best only a first approximation.
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Another limitation exists, which was not encountered with the
measurement of low order structures. It poses 2 more difficult problem,
namely, the problem of locating the specific places where features begin
and end along the line. Structural measurement of features requires that
they first be isolated from the trend line. While it is clear that most
people will identify the same kind of indentations in the FJORD line as
being river valley features, a request to locate or identify the point(s)
along the trend line at which a bifurcation begins and ends will probably
not result in the same strong consensus. People will tend to break out
features from the trend line in a variety of places, as shown in the top of
Figure 95.3. Of course, the distinction in feature identification
illustrated here should not make much difference, if it is carried out
consistently from one line to another, because whatever bias is introduced
will accrue systematically to all sample lines.

But the trend-feature separation is hierarchic in concept: in closing
off a feature from the trend, a new trend is created, the trend line of the
feature, which may itself have smaller features and bifurcations. In this
way, high order structure can be seen to be recursive. Realize further
that for some categories of lines, the recursion may extend for more levels
than for other line categories, depending on the complexity cf the line's
high order structure. The problem is illustrated in the bottom half of
Figure 9.3, in which the same feature is broken out in two ways from its
trend line. This example can be seen as one feature which has two levels
of recursive bifurcation, or as a trend line from which two features

bifurcate at the same level of recursion.
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Figure 5.3
EQUIVALENCE OF
HIGH ORDER STRUCTURE
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P{ainly, the decision to bifurcate at a given level cannot be made
arbitrarily in this case, as it may confound the structural measurements
between categories of lines. This means that significant inconsistencies
may be introduced to some trend lines and/or features, but not to others.
And there is no way to verify the consistency after the fact, because the
level of recursion will determine the measurement of high order structure.
In the vernacular, this situation is called a ‘Catch-22'.

Of course, a solution could be reached by means of a perceptual test,
in which many people are asked to bifurcate the four sample lines, and
some average location identified for each feature to be isclated. But this
is the other half of the 'Catch-22', because one must be able to express a
definition of trend line and of feature in order feor people to locate a
boundary between the two; and that expression is not yvet defined. Enough
questions are being riised here for a research project, a dissertation in
its own right, well bevond the scope of the present study. It wonld ba a
digression at this point to focus on trend and feature distinctions for
this particular small sample, especially when the current focus is on
explanations of a structural measurement technique, rather than on
explanations of specific structures.

For this reason, a trend line will be arbitrarally chosen, by the
author's induction of the visual expectations associated with features for
each category of line. The obvious disadvantage of this affects the
confidence which can be attached to any absolute interpretations of
structure, 2as mentioned before. The advantage is the provision of an
anchor on which to base an exmination of the high order parameters: the

parameters can be derived, and used to produce first approximations of
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structure signatures. And while numerical distinctions such as
discriminant analysis cannot be relied upon for meaningful identifications
of lines, the high order structure parameters can be evaluated by a
different kind of identification task, more closely related to line
generalization. Before discussing the task, however, the measurement

technique will be explained.

Parameters of High Order Structure

The first measure to be applied to the four lines is akin to an error
variance for segment-to-segment relationships. This is computed as a
fractal dimension. As previously discussed, this parameter indicates a
relative measixre of how the total line length increases with decreasing
average segment length. Of all the parameters of high order structure,
the fractal dimension most clearly overlaps with the low order parameters,
in that it can be measured directly from the strip tree data structure. It
is also the only high order parameter which does not require distinctions
between trend line and feature. Therefore, the parametei‘ can be
statistically verified after measurements are completed, to provide numeric
distinctions between lines. For these reasons, the fractal dimension will

be discussed separately from the other high order parameters.

Fractal Dimension of the Cartographic Lines
Mandelbrot's (1967,1977,1982) fractal dimension measures 3 rate of
increase in length with increasing resolution. Recall from Chapter 2 that
it is a ratio between the number of straight line segments contained in a
figure, and the unit increase in total length of each segment; the ratie

is expressed in logarithms. Using the strip tree, fractal dimension can be
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computed by relating the length of band anchor lines to the number of bands
introduced at each level.

A problem arises in working through Mandelbrot's formulas, however, as
the strip trees contain no constant increase in length te insert into the
ratio. The length of each sample line does increase with increasing levels
of resolution, and the rate of increase differs between lines; but the
magnitude of increase differs within each anchor line, from one lavel to
the nest. The FJORD strip tree provides clear illustration of the problem
(Table 5.5).

TABLE 5.5

RATES OF INCREASE IN ANCHOR LINE LENGTH
(FJORD FILE}

NUMBER OF TOTAL ABSOLUTE PERCENTAGE
LEVEL  NEW BANDS LENGTH JINCREASE INCREASE
1 e 484.39
2 8 734.00 249 .61 51.53
3 14 958.71 224.7 30.41
a 18 1100. 49 141.98 14.81
S 1S 1196.40 95.71 8.70

Neither the number of bands nor the total length show a constant
proportional increase; and consequently, the fractal dimension of the lines
changes in ratio from one level of resolution to the next, with somewhat
disquieting results. Here are the computations which Mandelbrot would

require, for the FJORD file:

(N (R
NUMBER OF PERCENTAGE FRACTAL
LEVEL NEW BANDS INCREASE LN(N)Y LN(1/R) DIMENSION
2 8 51.53 2.08 1.94 1.07
3 14 30.61 2.64 1.18 2.24
4 18 14.81 2.89 1.91 1.51
5 15 8.70 2.71 2.44 1.45
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The fractal values which result are quite extraordinary. They imply
that after Level Z, this line is becoming less complicated with increasing
resolution, which is precisely opposite to all of the indications given by
the signatures of low order structure. Secondly, the change in fractal
dimension is much too drastic for such a small range of resolutions, as an
exponential ratio. It might be interesting to consider these as a set of
sampled fractal dimensions, and average the values computed at each level
of resolution. Cne might speculate that this would provide an overall
dimensionality for the line (here its value would equal 1.356); but no
justification for this course of action appears in the literature, to this
author's knowledge.

Mandelbrot implies that the fractal dimension should be constant
across all sampled levels of resolution. He is ambiquous in describing his
applications of the formulas to coastline features, saying only that
coastlines display a 'statistical' rather than a ‘precise' self-similarity;
but he does sugg=st that fractal dimensions can be computed for coastlines
having non-consistent increases in length (Mandelbrot,1982). It would
appear from this example that some modifications are required to manipulate
the formulas, but Mandelbrot does not discuss the specific computation
schemes he applies.

However, fractal dimension is computable from another, more indirect
approach, which is distinctly statistical in nature. Mandelbrot's
mathematics are hased on Lewis Richardson's (1961} work relating coastline
length to the magnitude of the units measuring length. As discussed in
Chapter 2, Richardson found a logarithmic relationship between the two, and

plotted these for various coastlines he had measured (refer back to Figure
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2.9, Richardson made the comment that the slope of his plets indicates

the degrea of visual irregularity of the coast. By Mandelbrot's
derivation, this slope () can be used to compute a fractal dimension (D)
by:

& =1-D.

Because of the difficulties encountered with Mandelbrot's formulas,
Hicha;dsdn's method has bean used to compute fractal dimensions. First, an
average band length is computad from the summed length of all anchor lines
in 2ach level of resolution, to approximate a unit length. Next, natural
logarithms have baen computed for total length and for average length;
these computations are displayed in Appendix E. Finally, a least squares
regression line has been fitted to each set of sample data, in an attempt
to repiicate Richardson's results.

TABLE 5.6
RESULTS OF LINEAR REGRE3SION

- FRACTAL
LINT R INTERCEPT SLOPE SIGNIFICANCE DIMENSION
SI0UZ .99 .12 ~-.082¢ .00002 1.08246
HUDBY .99 8.39% ~. 6527 .0007 1.6527
FJORD .93 9.36 -.7481 .0077 1.7481
TEZAS .83 10.48 -1.0189% .0188 2.018%

Results of the regression are displayed in Table 5.4, which displays
surprisingly high significance lavels for such small data sats (there are
five observations in each case -~ one data point for each of five levels of
resolution) . The regression lines are also plotted as a stiructure

signature in Figure 3. 4. When this figure is compared with Richardsen's
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results as plotted in Figure 2.5, it is easy to see that the magnitude of
slopes for these iines are more closely attuned to the slopes found by
Richardson in his study. Also of interest is the similarity of slopes for
FJORD and HUDBY, the close proximity of FJORD to TEXAS, and the extreme
singularity of SIOUX in position and in slope.

Interpretations of the fractal dimension are clearly related to
concepts of high order structure. The nearly equivalent slopes of FJORD
and HUDBY imply that even though the magnitude of irregqularities (and thus
of ‘total Iine length) is much higher for FJORD, the relative rate at which
new irregularities become resolved is similar for these two lines. This
was also implied during study of the low order structure: recall the
sttictl'y increasing monotonicity plot for HUDBY, and the discussion of
oscillations whose frequericy increased at finer resolutions, in comparison
to the discussions of increasing irregularity with increasing resolution
for FJORD.

The plots for TEXAS and FJORD lie close together within this range of
resolutions, implying that the visual irreqularities of their features may
be quite similar, at certain scales of display. However, the fractal
dimension of TEXAS is greater than 2.0000. A topologic dimension of 2 is
assigned to planar surfaces, and a fractal dimension of this magnitude
implies the extrem‘e sinuosities of a space-filling curve, a curve which
would completly fill the plane on which it lies if it were represented at
some maximum (theoretical} resolution. The high order structure of TEXAS
appears to Dbe much more complex than is the structure of any other line.

The slope of the SIOUX line is almost horizontal, reflecting only

minimal changes in line length with increasing resolution. This is also in
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keeping with interpretations made for low order structure of this line.
Not only did this line display a large number of rectified bands early in
the subdivision process, but the mean parameters for error variance and for
strip width both dropped quickly to zero, and coefficients of variation
were relatively low at all levels. Structurally speaking, this line
displays 2 certain homogeneity from one level of resolution to the nexnt.
The fractal dimension parameter has been shown to meaningfully
distinguish between the four sample lines, by means of linear regression,
and by graphic means, as a structure signature. This is the only high
order parameter for which statistical validation is possible, due to the
nature of the sampling process for the four cartographic lines. Before
elaborating on the other parameters, the cartographic lines must be broken

into their separable components of trend line and features.

Thinning the Cartographic Lines

The inductive criteria used to isolate features from trend lines will
be quite straightforward. First, a feature will be identified at locations
where the original cartographic line either splits, or doubles back on
itself. The intention is to provide the smoothest and most simple
approrimation of a trend line, and to isclate as many convolutions and
irreqularities as possible into features. One might think of the trend
line as the smallest scale representation of the original line, a
generalization to the 'nth' degree. A feature is defined to have a width
of at Ieast one pigel on the Apple II screen: this provides for definition

of single line features, such as river channels, as bifurcations which have
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a width of zero (the sides of the feature touch).

Features must also have a resolvable length, which can be defined by a
series of one or more straightline segments, travelling along the
longitudinal axis of the feature. The process used to derive these
straightline segments will not be inductive; instead, a line-thinning
algorithm will be applied to each cartographic feature in turn. This
process will be discussed and illustrated.

The feature-trend definition is intended to be recursive, as mentioned
above. The set of thinned segments along the axis of each feature may be
considered as a sub-level trend line. At sub-levels, the trend lines may
be seen to bifurcate in one of two ways. One type of bifurcation will be
seen where the width of a feature shows a sudden significant change: this
could be a narrowing, as in the case of a bay at a river mouth; or it could
be a widening, as in the case of a dammed lake along a river channel. The
second type will occur if a feature itself bifurcates, that is, if a single
thinned line can no Ilonger adequately represent the feature axis. At these
locations a new level of recursion will be defined, with associated axis
segments serving as trend lines. The process of bifurcation will be
continued to the farthest eutremes of all features resolved along a sample
line.

Figures 5.9 - 5.8 display the first level of bifurcation for all
sample lIines. Dashed lines in the figure mark the neat levels of
bifurcation for various features. It should be made clear that the levels
of recursion are not equivalent to the hierarchy of resolution produced for
low order structures, as features of all sizes are included at every high

order level. In the case of SIOUX, the largest order of river was used as
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trend line, with tributaries considered as first level features. In all
other lines, the features were separated from the trend line according to
the definition set forth above. Breaks in the trend line plots indicate the
locations of feature bifurcations. Many of these features contain further
bifurcations, which have been measured; but the first level of bifurcation
serves to illustrate the process.

The reader may feel that the four trend lines may still contain
irregularities definable as features (notable examples of this are the two
large indentations in the FJORD trei‘ui). It could be argued in response
that these two indentations are evidence not of sub-level features, but of
super-level features, occurring at a level of resolution above this study's
scope. Either argument is reasonable, but neither can be justified beyond

pure inductive reasoning, which is the very basis for these original

bifurcations. This is a limitation in the measurement process, as
previously discussed. But the purpose of discussion here is not to
describe the structure of a fjord, per se, so much as to distinguish it

from the structure of a wide river mouth bay, or a barrier beach spit. In
other words, the focus here is evaluation of the measurement technique
about tc be described, rather than on the specific content of the
measurements which are made in the course of the evaluation. It stands to
reason that if the high order measurement techniques are robust, then
inconsistencies in feature definitions which do arise should improve the
evaluation, by pointing out where a technique might be modified.
Cnca the bDifurcation process is completed for all sublevels, two
measurements can be made for features which have been identified. First

is the frequency of bifurcations, the number of features which can be
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identified at each level. The second is which side of the trend line the
bifurcations occur. As with the low order parameter called monotonicity,
each trend line has a positive and a negative side. In certain lines, for
axample TEXAS, it may be useful to contrast the structure of features which
occyr on each side, Taken together, frequency and monotonicity constitute
parameters of feature occurrence, It will be shown that these parameters
are conceptually related to the fractal dimensions for these lines.

In order to complete the other hiéh order measurements, namely length,
width, and the angle of the feature bifurcation, the features must be
reduced, or thinned, to their longitudinal axis. Line thinning algorithms
are most commonly applied in image interpretation problems, as one method
of edge enhancement, or in region measurement tasks, for boundary
delineation. As a pattern recognition technique, thinning algorithms are
most often oriented to raster geometries (Rosenfeld, 1973; Dyer and
Rosenfeld, 1979). The features is this study are stored as vector
representations, which is to date a more common data structure for
cartographic lines. Furthermore, each feature has been defined as having a
roughly constant width; when the width chariges, a new level of feature is
defined. Rosenfeld and Kak (1982) offer a cimple algorithm for this
special case of line thinning.

Another method that can be used if S is an arc of constant
thickness is to initiate two border-following processes at

one end of S that traverse opposite sides of S. If the
distance between the border followers gets significantly

larger than the width, we stop one of them until the other
catches up; thus they always remain approximately alongside
one another. The midpoint of the line segment jeining the

border followers thus traces out a skeleton of S.

Rosenfeld & Kak (1982), p.234
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Figure 5.9 displays the thinned versions of all levels of features for
the four lines. The twists and curves of the thinned lines occur at a
short lag behind the twists and curves of the original feature; the length
of the lag is a function of the distance threshold between the border
followers. Byt a visual comparison between the features and the thinned
feature plots should illustrate how strongly the algorithm reflects
irregularities characteristic of the original arc.

Once thinned, the TEXAS features display a stronger resemblance to
dendritic river patterns than did the original features plot. This
provides a good example of how line thinning may be used to emphasize
certain éspects of high order structure, which would not otherwise be
graphically apparent. On the other hand, the barrier spits are visually
similar to some river valleys, but do net appear to reflect the strong
sinuosities of the long river valleys in FJORD, mnor the resevoir in SIOUX,
as was originally suggested; but numeric measurement can better evaluate
the differences and similarities between  features.

The numeric measurements which can be made feor thinned features
include the feature geometry, including the length of the thinned axis, and
its orientation, the angle at which each sub-level bifurcates from its
respective trend line. A third parameter measures the width of the
original feature; this is computed during the line thinning task, by
averaging a series of width measurements made while walking along the
feature. Parameters for all measurements on each of the features are
listed in Appendix F. Each type of structure parameter will be discussed

in turn, beginning with frequency and monctonicity.
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Parameters of Feature Occurrence

The frequency of feature bifurcations is illustrated in Figure §.10,
and includes a breakdown count of features identified at three levels of
recursion. The structure signature for SIOUX displays the flattest curve,
implying that the number of bifurcations does not change with increasing
resolution. This implies that SIOUX is least complex of the four lines in
terms of high order structure, mirroring the findings for fractal dimension
previousiy discussed. HUDBY and FJORD display almost equivalent patterns
of bifurcation frequency; it is TEXAS which displays the most anomolous
pattern. Recall that the computations of fractal dimension displayed the
same ordering of the lines. As an index of segment-to-segment relations,
the fractal dimension also provides an indication of bifurcation complexity.

Other indications of this complexity of high order structures are also
present. Earlier in this discussion, it was suggested that the high order
structure might differ significantly on either side of this line, and such
3 discrepancy might cause erratic patterns in structure measurements. For
this reason, the featuraes for TEXAS will be measured in two parts: the
‘landside', including the shallow and irregular river mouth bays, and the
‘seaside', including the long and narrow barrier spits.

This treatment in two parts is presented as example of the second
parameter of feature occurrence, namely, the monotonicity of high order
structure. In Figure $§.1i1, high order parameters for all of the TEXAS
measures are displayed, to illustrate how different are the two sides of
this line in graphic space. On the ‘'landside', features tend to include

more coordinates, and to be wider. The frequency plot reveals that the
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'seaside' has a simpler pattern of bifurcations, similar to that of SIQUX;
the ‘landside' frequency is a reiteration of the pattern of bifurcations
displayed for TEXAS as a whole.

The two sides of the line tend to differ most in terms of length and
width; overall, the 'seaside' will be shown to be more similar to HUDBY or
to FJORD than to the 'landside' of TEXAS. The 'seaside' is composed of
longer but more narrow features, and is dominated by the barrier beach
spits. The two sides sides of this line appear most similar in that they
both exhibit in increase in average feature length at the second level of
bifurcation. It is important to realize that successive bifurcations do
not necessarily imply smaller features, but rather features of decreasing
cc;mplexity, although by the third level, values for all high order
parameters are decreasing. (Orientation is the exception, but an angle of
zero degrees does not imply the same concept as a length or width of zerc.}

Nystuen (1968) discussed the concept of a two-sided geographic Iine,
in the context of studying spatial boundaries, and processes which occur
along them. He commented that many processes are modified by the character
of the boundaries along which they flow, including traffic flows, migratory
flows, and flows of commerce. The coastline of TEXAS is a good example of
such a two-sided Iline, one whose high order structure changes quite
drastically from one side to the other. In a cartographic context, these
two sides should most likely be generalized according to different
{olerance criteria, in any conventional smoothing or simplification task.
The monotonicity parameter indicates the differences in the high order
structure, and could be wused in an automated generalization task, to

identify such a two-sided line.
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Parameters of Feature Geometry

Because none of the other sampie lines displays a strong degree of
monotonicity, their high order structures will be summarized for each line
as a whole. It should be noted that none of these lines include any
bifurcations beyond level two, which is a major distinction with both sides
of TEXAS. Once again, this lack does not indicate a limit to resolution,
but rather an upper limit to complexity. Figure 5.12 illustrates the size
of features for these lines, that is, the number of coordinates. This
figure may be useful in a computer identification task, for it provides
information not available in measures of length and width. The number of
coordinates provides a direct index of how much in-core storage is required
to deal with a feature as a whole. It may also prove useful as a guideline
in searching through a computer file from one end of a feature to the
other, in effect, a constraint on how far to 'look ahead'.

The number of coordinates may or may not be correlated with the
overall length of the line; only SIOUX displays an identical pattern for
feature length, as shown in Figure 5.13. While the feature lengths in
FJORD display a steady drop, the sharp increase in the HUDBY line is
similar to both sides of TEXAS; this increase is most strongly indicated by
the SIOUX plot. Here, the second level feature (there is only one} is a
long, narrow rese-oir: one should not conclude from this that the <SIOUY
lengths are similar to TEXAS features; as a matter of fact, it will be
established that this resevoir is structurally equivalent to a fjord,
later in this analysis.

Widths of features are displayed in Figure §5.14. Once again, the

patterns of HUDBY and OF FJORD are quite similar, and the SIOUX signature
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is heavily biased by the resevoir in level 2. In Figure © 15, the
orientation of the three features is a truncated graph: as before, the
scaling of angular measurements differs from measurements length and width
in terms of the concept of a zero value. Becuase no features were defined
at the third level, no angular measurements were taken, and as before,
angles of zero degrees do no indicate a lack of orientation. However, it
can be seen that the average orientation of features does not change
markedly from line to line.

As a matter of fact, the set of high order structure signatures as a
whole does little to distinguish betwen lines, except in the non-monotonic
case of TEXAS. High order structures for HUDBY and FJORD are almost
identical, except for length; and the SIOUX signatures reflect only three
parameters, being strongly biased by the single feature in level 2.
Plainly, high order structures such as these will not prove powerfu! in
distinguishing between these four lines. However, the problem may lie in
the organization of features rather than in their measurement. The
assumption aI-I along has been that high order structures will differ
between lines as a whole, as was the case for parameters of low order
structure. However, it may be more meaningful at this level of structure
to distinguish between classes of features, instead of between classes of
lines.

Consider that the very long narrow resevoir in SIOUX looks like the
very long and narrow river valleys in FJORD; and to a lesser extent, these
both resemble the longitudinal spits of TEXAS. On the other hand, the
HUDRBY features may not necessarily appear fjord-like. It may be that the

features in certain parts of each line are umique, but that some lines
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share features of similar high order structure, and further that the
features which are similar from one line to the next in terms of high order
structure are also similar visually. If this is true, then the high order
parameters can be reorganized according to types of features, to provide a

more powerful means of structure identification.

Classifying Categories of Features

The purpose of classification analysis, or cluster analysis, is to
form groupings of a set of observations such that variation within groups
is minimized, and between group variations are maximized. The variations
are based on variance computations for a (set of) variable(s), which are
most commonly standardized to allow for comparisons of the amount of
variance between variables remaining after the classification is complete.
Cluster analysis is similar to factor analysis in that composite sets of
variables are created in both techniques; a major difference is that in
factor analysis, the composite variables are ratio-scaled, while the scale
of composites created by clustering is nominal.

The purpose of the clustering analysis in this study is to explore the
hypothesis that high order structure parameters can be more meaningfully
organized by types of feature than by the four categories of lines. The
keyword here is exploration: it is not clear how many f{ypes of features
are present, nor what specific size of feature groupings is most
appropriate. But it is peceptually evident in looking at the line feature
plots that some sort of similarities exist; and these similarities may be
more meaningfully organized by the high order structures of specific

features, than by trying to deal with the high order structure of an entire
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cartographic line.

The clustering is intended to show what cartographers call ‘'natural
breaks' within the five variables. If they exist, these natural breaks
should become apparent in looking at the dendogram. Pre-processing and
data massage techniques will be kept to a minimum: the primary intent is
not a search for statistical significance so much as an evaluation of
content in the high order parameters.

The variables used in the analysis include length, width, and angle of
feature orientation. Also included for each feature is the number of
coordinates, and the number of bifurcations from each feature, as a kind of
fragmentation index. For example, the bays on the 'landside' of TEXAS are
distinctive in that many small bays bifurcate from larger ones; these
features are much more fragmented than the bays in HUDBY, which are
visually different but of a similar length and width.

A preliminary hierarchic clustering was performed, using Ward's
criterion to minimize within-class distance for the system as a whole.
This constraint tends to produce a larger number of smaller groups, as
opposed to other minimum distance constraints which may cluster fewer,
larger groups. The intention at all times was to facilitate interpretation
of the feature clusters. Originally, all variables were weighted equally,
but this was found to confound the interpretation of clusters: as a
result, the length and width variables carried double weight in all
classifications. All variables were convertéd to Z-scores, to facilitate
cross-variable comparisons of within-class variation.

One major limitation of the hierarchic strategy is that once an

observation has been aggregated into a group, it cannot be reassigned
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during a later iteration. As a result, somé clusters may contain certain
anomolous members, even though the system variance is minimized as a whole.
The solution is to improve the hierarchic solution by allowing individual
members to move between groups in an effort to further reduce the within-
class variance. This iterative clustering technique is included as an
option in many hierarchic clustering routines, and can be initiated by
inputting desired class means or by initializing class membership for each
observation.

The iterated solution includes nine clusters, all of which are clearly
interpretable. For example, the first four categories can be seen to
include  short, medium, and two classes of long narrow features
(respectively, Figures $.16 - 5.19). ‘River valleys' might serve as one
possible generic label for these four feature categories, or ‘fjords',
except that each of these labels carries with it distinctly geomorphic
connotations; in graphic space, such connotations have traditionally
biased cartographic decision-making. The purpose of this entire research
is to propose a move away from these biases, and therefore such generic
labels for clusters will be used sparingly, if at all.

The visual similarities between the reservoir, the barrier spits, and
the fjorded river valleys are clearly refiected in these clusters, at
several scales of feature size; and other feature categories display visual
similariites as well. It may be reasonable to aggregate clusters #2 and
#3, which differ only in terms of length (Figures 5.18 - 5.19.
Aggregation might also reduce clusters #5 and 47, or even #8 and #9, as the

features in each of these pairs are visually and numerically quite similar.
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In demonstration of this, means and standard deviations for each cluster
are presented in Table 5.7. A justification for leaving these groups

isolated will be presented further along in the discussion.

TABLE 5.7
CLUSTER MEANS AND STANDARD DEVIATIONS

NUMEBER . BIFUR- ORIENTATION
CLASS OF POINTS LENGTH WIDTH CATIONS (IN__RADIANS)

1 [10] 9.60 11.45 5.28 0.00 0.86
(3.67 ( 4.66) .10 (0 Q.50

2 [51 34.40 98.32 5.26 0.20 1.09
(¢ 6.38) (18.9" (1.92) €0.40) (0.48)

3 [S8] 107.00 146 .15 7.87 0.20 1.33
¢ 35.78 ( 54.39) 8.23 (0.40) (0.8%

4 [ 9] 17.00 21.39 6.06 D.00 1.81
( 4.32) (5.8D 1.38 «o .32

S €91 13.47 14.13 10.33 0.22 2.43
€5.8% ( 3.78) (2.9 (0.4 (0.30

4 [ 351 21.60 27 .18 13.23 0.20 0.38
(7.492) 12.61> (1.29 (0. 40> 0.27

7 €71 11.00 11.56 7.48 0.14 1.33
(4.20 € 4.3 (0.94) 0.3% Q.27

8 [121 46.50 21.96 10.465 1.50 1.12
(20.3 (11.18) ¢ 3.10 (0.6%) 0.3

¢ [ 21 80.SC 21.73 19.18 5.50 1.36
(13.50 (7.4 (9.99 0.30) 0.12)

Numbers in parentheses () are standard deviations.
Numbers in brackets L 1 reflect number of features in each class.
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Only half of the clusters are dominated by the long and narrow river-
and fjord-like features. Three other clusters display groupings of small,
medium, and larger bays (Figures 5.20 -5.22). Two final clusters also
include bays, but these are differentiated by the large number of
bifurcations emanating from each feature (Figures 5.23 ~ 5.249). In other
words, these features are similar to each other in that each one has
several smaller features which fragment its trend line. The features in
cluster #9 are so fragmented as to be unrecognizable out of the context of
the line; a copy of the feature file is included in the illustration
(Figure 5.24), to identify the two bays in question.

However easy the categories are to interpret, specific features in
several clusters appear visually unrelated. For example, the inclusion of
the FJORD feature in cluster #8 (Figure 5.23) is anomolous, as it is not a
wide feature in relation to the other bays in this class. It may be that
the parameter is not width but bifurcation which has forced membership.
This is the only feature in FJORD to bifurcate off to one side, and this

singularity may have separated the feature sufficiently from other
groupings of fjords. It may also indicate an error in the original feature
definitions: a more appropriate trend/feature breakdown here might have
included two small fjords bifurcating from a single small bay.

Another ancmoly can be seen in the HUDBY cluster #6 (Figure 5.22), by

the inclusion of a small and sinuous feature in the lower right hand

corner. The other members of this class are not so narrow as this one,
although thev appear to be of & common length. On first glance, one might
subjectively place this feature into cluster #4. However, a closer look

indicates that features in cluster #4 are fairly sinuous; the number of



188

L# 431SNTO FYNLYI
0g'G @indy]

L8 d3LSMD
ayord

</

L% M3LSNT0
SUX3L

48 A431sNT0
AGOrid

pX




189

S# 441SNTO FJYNLVAL
[Z'G 2inby]

T

SH# ¥y3LsN10
q0r4

SH M31sNTo
AEaNH

SH ¥3LIsNo
SuUK3l




190

9# Y41SN'10 FYNLY34
¢¢'G 2inbly

S8 HILSMID
qyord
S# M3ILSND
SuK3l
SR XN3LSNT10
AHANH
\l\
Ly




191

8# YILSNTI F4NLYId
€2'G 2.nbl]

8& ¥3lsND
404

“\«IIU\\\ 8# 23LSMD

SWYHAL

o

8# ¥3LSNTIO :
A8anH




192

T
. wwg‘fg ’A
2t |
4 /
/ TEXAS
| // CLUSTER #9
/ /
! }
[ |
| \
| \o
‘\ W
\ &, &&.Aégkﬁf
\\ S
¢ [".
L ‘?i e

el
= | TERAS
. FEATR

Figure 5.24
FEATURE CLUSTER #9



193
points in these features coupled with the factor of length have most likely
caused this particular assignment.

Other anomolies are also present: the inclusion in cluster #1 of av
TEXAS barrier spit, and the single bifurcated feature included in cluster
#3, provide two examples. As before, the point here is not to produce
necessarily optimal clusters, but to egplore the feasibility of organizing
high order structures across éategorx‘es of lines, by feature. For this
reason, these clusters will not be improved upon, but will stand as
unconstrained examples of how readily such an organization can be ,
accomplished.

Table 5.8 displays a graphic depiction of each cluster, to better
express the dispersion of each grouping in relation to each variable, and
in relation to the means of the data set as a whole. One can readily see
that relatively compact groupings of features have been achieved by
straightforward clustering of high order parameters.

The cluster analysis has shown that high order parameters can bDe
meaningfully combined and summarizad by type of feature, rather than by
categories of lines. One might construct a table of cluster frequencies,
to indicate. the percentage of features identified for each line falling
into each category of high order structure. Each of the columns in Table
5.9 represents a particular cartographic line; the numeric values are the
number of features sampled from each line which fall into a given category;
ind the decimal fraction beneath aach integer value reegpressas the intager

as a percentage of all features sampled from the given lina.
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CROSS-TABULATION OF FEATURE CATEGORIES WITH LINES

CLUSTER SIQUX HUDBY FIJORD TEXAS
1 2 1 7
€.12) (.08 (.26
2 2 3
(.12} .11
3 3 2
1.0, (.12
4 1 5 3
(.08) .29 .11
3 5 3 1
.29 €17 o0
é 3 1 1
17 (.06 (G 1:})
7 2 2 3
(.12) (.12} .11
8 4 1 7
(.29 (.06} (.26
9 2
.07 TOTAL #
FEATURES
3 17 17 27 64
.04 .27 .27 .42
The percentage tallies for the four lines are plotted in Figure 5.25,
to illustrate how these clusters may provide clear visual distinctions
between lines. These plots will be used in place of the original high
order structure signatures. The category frequencies listed in Table 5.9

will

also be

stored on disk as a look-up

table; they may

gerve as

guidelines for predicting line identity from sampled features, as follows.

were

example,

For a feature sampled at random from the group of 44, if that feature

measured

for high order structure and assigned to

cluster #4, for

the chance of that feature belonging to the FJORD line would be

much greater (29%) than its possible membership in any other line (29% of

the

features

in Cluster #4 are FJORD features).

One might work with a
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sequence of features known to belong to a single line, comparing each in
turn with the table of frequencies, to make identifications with a higher
degree of confidence. The real power of such a look-up table would lie in
sampling many features, instead of only one; it is also reasonable to
consider adding new features (and new feature categories) by sampling
features from other previously identified cartographic lines. This
predictive application of high order parameters will be discussed in more
detail in the next chapter, when the high and low order parameters are

directly related to the question of automating line generalization tasks.

Summary

This chapter and the previous one have discussad two kinds of
structural relationships which can be measured in cartographic lines. The
first reflects relationships between points alecng the line, and the second
reflects segment~to segment details. The parameters of low order structure
have been shown to provide good distinguishing capabilities between the
four sample cartographic lines, within a finite range of graphic
resolution; these measures have the additional advantage of being based in
major part on certain perceptual criteria used commonly in manual
cartographic generalization tasks.

Parameters of high order structure are somewhat different in nature
than the low order measures. Two significant distinctions are that first,
the high order measures are not tied to discrete levels of resolution, or
to a hierarchy of feature size, but seem instead to be based on some
hierarchy of line complexity, as shown by the relationship between trend

line/feature distinctions and fractal dimension of the lines.
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The second major difference is that the high order parameters are not
homogeneous within a single line, .but are more appropriately organized by
categories of features which may be present in several very different kinds
of lines. In other words, it is the structure of individual features which
is distinguished by these parameters; the cartographic lines are in this
context merely combinations of high order structures. Differing lines
should be expected to have different feature combinations, Jjust as the
lines have different fractal dimensions as indices for varying degrees of
high order complexity. This has been illustrated in the frequency plots
for feature categories by line (Figuree §.25).

The low order and high order parameters are similar in that both have
apparent perceptual overtones: the points which bound each Ilow order
anchor line are selected by an algorithm which works on a principle of
magimum angular deviation, similar to the inductive decisions that
cartographers make in generalizing linear features. And those features
which are most similar in terms of high corder parameters tend to be uite
similar visually; a very simple and non-constrained ciustering technique
produced groupings which are visually logical. One obvious question which
arises here is the ertent to which these perceptual overtones can be
empirically derived, by testing map reader responses to lines along a
continuum of low and high order structures.

One other question is related more directly to the second similarity
between the two kinds of structure. Both orders may bBe wuseful in
distinguishing between the four types of cartographic lines; in both cases,
the distinctions are probabilistic, and based on sampled points or on

sampled segments, depending on the order of structure to be considered. To
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what extent can these structure signatures be applied to computer
discriminations between lines? This question has direct implications for
the selection and modification of tolerance criteria in automated
generalization tasks. The final chapter of this thesis will consider this

question, and present an algorithm which may serve to implement such

discriminating capabilities.



CHAPTER 6
WORKING WITH STRUCTURE IN CARTOGRAPHIC LINES

The research reported in this thesis has been based on the notion that
a cartographic line is a probabilistic representation of the geographic
feature which it represents. Numeric parameters have been measurad for two
orders of structural relationships, and these parameters have been shown to
distinguish between categories of cartographic line structure. The
categories which have been developed are not intended to form an exhaustive
typology of linear structure, but rather to demonstrate that meaningful
categories of structure can be defined numerically, and that the categories
which are defined include structures which are visually logical.

Categories for both orders of structure have been summarized
graphically, as structure signatures, and digitally, by storing means and
varirances for the parameters in each category as a look-up table in the
computer. The look-up tables are listed in Appendix C (low order
parameters) and in Table 5.7 (high corder parameters). To reiterate Chapter
3, the original summaries for high order parameters did not indicate strong
differences between the four sample lines. Instead, the high order
parameters were reorganized by feature category; these structure signatures
display distinct means and variance values, and will be more useful
summaries as a result.

The value of the structure signatures for line generalization can be
seen In several applications, all of which utilize the digital look-up

table versions of the structure signatures. One application involves
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generating lines of known graphic structure, and is called stochastic
‘modelling. The other application does not serve to generate line
structures, but to identify them. In both cases, the algorithms will be
discussed but will not be developed as code. However, the application of
the structural parameters can still be demonstr:ated, if only by wverbal

egample.

Stochastic Modelling of Cartoqraphic Lines

Several examples of stochastic models have been presented in the
course of this research, all of which have been shown to produce visual
displays of predictable degrees of structural complexity. The models have
ranged from the single lines produced by Dutton (1981) to the fantasy
landscapes produced by Voss (Mandelbrot, 1982), to the geographic
simulation of Mount Rainier illustrated in Chapter 2 (Carpenter, 1981).
The major disadvantage in all of these stochastic models for cartography
has been the lack of control for accuracy, due to repositioning of
coordinates. The algorithm described here avoids this limitation,

In a stochastic modelling technique, the look-up table of measured
structural parameters can be referenced according to the desired type of
low order line structure, and the means and variance values for each
parameter can be used to constrain upper and lower limits for random
displacements of straight line sagments. Alternatively, a desired degree
of visual complexity might be specified, and this value compared to the

parameters for fractal dimension. The choice of a particular line
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structure would then be directed by whatever look-up table entry contains
the most similar fractal dimension value. In this way, the two orders of
structure can be used in combiﬁation, although the final stochastic model
should be generated more easily from the low order parameters.

The stochastic model should be initialized with a simple line segment,
which is subjected to a series of random displacements. Each displacement
is controlled by parameters from the digital look-up table. For example,
the width parameter constrains the length of the displacement. The
segmentation parameter constrains where along the straight line segment the
displacement occurs: not all displacements should necessarily occur at a
segment midpoint, as was demonstrated by the segmentations of the four
sample lines presentsd in Chapter 4. Monotonicity may be used to constrain
the consistent direction of displacements required for stochastic modelling
of long, gentle curves. Other parameters constrain the number of
displacements, and the number of new coordinates to be generated during
each displacement. Carpenter (1981) suggests that stochastic models can be
generated from a variety of graphics primitives, including straight line
segments, and also ares of circles, ellipses, or parabolas. The
displacement process is similar regardless of the initializing segment.

Two immediate advantages are served by the parametric format of the
look-up table. First, the same initializing segment can be used to
generate lines for many different kinds of graphic structures, using a
modular geherating algorithm. Secondly, the generation of random numbers
can be parameterized, to produce further stochastic variations. For
eixample, in a stochastic model which relies on Brownian motion, the number

generator is a random walk, produced by a normal (Gaussian) distribution.
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Any of the look-up table mean and variance values can be plugged in to the
random number generators directly. Different subroutines can provide
formulas for different prcbability density functions, which will produce
different displacement patterns, and thus different graphic structures.

Instead of a normal distribution, one might prefer to utilize a gamma
distribution for the stochastic model, to see what differences in structure
result. Or probability distributions could be interchanged, depending on
the parameter in question: in the case of the segmentation parameter, for
example, & normal distribution would tend to cluster displacements closely
about the segment midpoint. A gamma distribution would distribute
displacements towards the endpoints, and has the additional advantage of
favoring the alternate endpoint when inverted; thus two displacements can
be produced in a single iteration.

Regardless of the type of probability function, the basic algorithm is
the same. The process inputs an initial segment, plots the first endpoint,
and enters a recursion contrelied by the number of desired displacements.
First, the low order look-up table is accessed for a requested set of
parameters, and then the process calls the probability density function.
The values which are returned indicate the location, distance, and
direction of the displacement, which c¢an then be computed from the
endpoints of the segment by simple algebra.

No trigonometry is required, as all displacements occur at right
angles, making the algorithm very fast. As each coordinate is computed, it
can be stored in a temporary array, or plotted immediately. At the end of
the loop, the final endpoint is plotted; and the process reads in the nest

segment. The strip tree data structure provides a ready means of insuring
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that endpoints are critical to accurate representations, as Jong as
displacements occur within strips, and not between.

One should not assume from this discussion that the parameters
measured for any of the four sample lines should be used to provide a
stochastic model for itself. For instance, regenerating the FJORD I;ne
successfully from its own low order parameters would not validate the
algorithm. One might argure that it serves as a preliminary test, a kind
of identity matrix operation. The degree of 'identity' is questionable,
however, given that the modelled line is randomly generated, and will be
somewhat different each time it is produced.

More importantly, regeneration of the line would not serve to validate
the low order parameters: the recreation of a particular line such as
FJORD doces mnot imply that generic renditions of fjord-like structures are
necessarily achievable, because other fjorded coastlines (eq., the coasts
of Greenland, Norway, or Chile) may contain additional graphic structures
which are not yet represented in the look-up table. In order to evaluate
the algorithm, other line samples should be collected, and modelled
according to the existing look-up parameters. A further evaluation might
be provided by perceptual tests of the stochastic models, to evaluate map

readar reactions to the generated line structures.

Computer Identification of Cartoqraphic Lines

The second application of structural parameters to line generalization
is also probabilistic in nature, but can be considered more closely with
traditional generalization techniques, namely, the elimination of detail

from a cartographic line. Here, the bottleneck to automation relates to
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the inductive decisions which a cartographer makes in choosing tolerance
values by which to control the particular simplification or smoothing
algorithm which is applied. These decisions are not easily automated; and
because of this, the values are most often set manually.

A particular problem arises when generalizing a compound line, such as
the coastline of the United States. For example, the tolerance criteria
required for appropriate simplification of the Puget Sound may be
significantly different than the values which should b2 applied to the
Oregon coast. When the values are set by hand, the algorithm must be
stopped at some point, and the tolerance values modified. Alternatively,
the coastline must be broken into pieces, and generalized as separate
lines. In either case, the decision of where to break the line or where to
change ths parameters is inductive, based on some visual approximation of
where line characteristics change. This task is also difficult to automate.

The structural parameters developed in this research can be applied to
the modification problem, because it involves distinguishing between lines
of different structure. On the other hand, choice of a tolerance value is
closely related t: the identification of line structure; and each of these

applications will be discussed in turn.

Line Discrimination Tasks
The choice of where to change a tolerance parameter may be easily
automated by checking for significant changes in the low order structure of
a line, as these parameters have been shown to provide fairly accurate
discriminations between lines of differing visual structure. It would not

be necessarily required to match some sample of low order structure with
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look-up table values, because the important aspect here is not specific
content but specific change. What is required instead is an algorithm
which compares low order parameters for overlapping segments of the line,
and tests adjacent overlaps for significant differences. The tolerance
criteria should be modified at places where these differences occur.

Overlapping segments can be determined for one of several levels of
resolution, by storing Iline information <(coordinates and low order
parameters) in a strip tree data structure. A sequence of strips may be
compared to an adjacent overlapping sequence by comparing variance values
computed for all parameters in each sequence, in a ratio. If the values
are similar, the ratio will be close to unity; the algorithm will move
across the strip tree to evaluate the nexrt sequence of strips. When the
ratio deviates from 1.0, the variance values (and the low order structures)
differ. Here, tolerance values should be modified.

The two important controls in such an algorithm are first, a control
for possible drifts in the progression of low order parameter values, and
secondly, a criterion by which to determine how many coordinates should be
included in each overlap, and the degree of overlap required. The problem
of parameter drift can be controlled by several means: a very simple
solution is to compare current low order parameters with the first set of
low order parameters computed for the line, and to use this first set as a
standard until some significant change is encountered. At this point, the
discrepant set becomes the standard, until another change is measured.

The size of an coverlap, and the number of strips common between
overlaps c¢an most appropriately be controlled by the same variance

conputations. For line segments (groups of strips) whose low order
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parameters display large variances, the size of segments should be kept
small; conversely, theose structures which display homeoscedascity in
several low order parameters can most likely be traversed in a few very
large sequences with only a small degree of overlap. One could also
develop a very complicated algorithm, in which the size and degree of iLhe
overlap change at each iteration, based on the first derivative of the
variance progression for all parameters; but this may be unnecessary.
Nonetheless, the problem of how big a piece of the cartographic line to
analyze at a time remains one of the most interesting problems in any
application of structural measurements, and the issue will be raised again

during the discussion of structure identification.

Structural Identification Tasks

The problems involved in automating the choice of a particular
tolerance criterion are very much more difficult than the decisions
involved in its modification,. although neither of the two is a trivial
alngorithm. The actual value which is chosen is only one aspect of the
problem, and most appropriately determined by psychophysical research: as
previously discussed, the measurement of the four sample lines does not
provide the author confidence in discussing the particular structure of any
one; and the actual tolerance value will most likely depend on a3 more
exacting measurement, based on a larger sample of lines. However, this is
one possible  direction for further. evaluation of the structural
measurements derived in this research.

The more relevant aspect of the problem is how to identify a

particular line structure, in order to assign a given tolerance criterion.
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The high order parameters can be used for this application, to identify
what kind of line structure is being dealt with; and the given tolerance
value(s) can be stored in the look-up table for each identified category of
high order structure. The problem is shifted somewhat by this approach,
from choosing a particular toierance value to the determination of a
particular structure category. For this task, the digital look-up table for
high order parameters will be used.

High order structure signatures are not stored in a strip tree, but
are organized by the frequency of feature occurrence for each category of
line. A number of features need to be identified, before the overall
structure of the line can be determined. One night consider the feature
categories stored in the look-up table as a set of cartographic primitives,
in the sense that each describes a graphic unit, a digital description of
some geographic shape which might occur in any number of cartographic line
types. (Recall for instance the visual similarities between a long fjord
and a long reservoir, and how these two feature primitives were clustered
in the same categery.) In other words, as a line contains a particular
combination of feature types, so a line's structure cannot be determined by
the structure of a single feature.

Once again, the problem is raised of determining the scope of the
line, and the number of features which must be identified. Again, the
decision will vary according to the type of line structures being explored.
However, consider that structural identification is required only at places
along the line where the existing tolerance criteria must be changed. The
Iow crder parameters serve to specify these locations, as discussed in the

previous section on line disecrimination tasks. There is no reason why the
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same overlapping sections of the line cannot be utilized for both orders
of structural measurements.

In order to identify features within any section of an unidentified
line, the first task to be solved is how to locate them along the line.
Recall from Chapter § that the context of high order structure provides for
lines to be divided into trend lines and features, and that feature
definitions are recursive. In the Chapter § definition, a feature is
identified at places where a trend line simply bifurcates, as in the
confluence of two rivers, or where a trené line can be seen to double back
on itself. Features can also be identified along other features, using the
above criteria, or by locating sudden changes in feature width.

One might consider the simple bifurcations and the ‘doubling back'
features in graphic space as a single line symbol and a parallel line
symbol, respectively. But actually, the only difference between the two is
in  width: a simple bifurcation has a line width of one pizel, and the
width of a 'doubling back' feature is greater than one pixel. For the
identification algorithm, both kinds of features can be defined similarly,
as 2 single line symbel having some thickness, that is, a resolvable and
constant width. In concept, identification of any feature is reduced to a
search for a single line (of some thickness) bifurcating from the trend.

To undarstand how the features are located, think for a moment about a
line segment, one pizel wide, on the Apple screen. Any point along this
line (any pixel’ can be characterized as having at most two pixels of the
eight possible adjacent to it which are also on the line. If more than two
pixels which are adjacent are also part of the line, then one may identify

a feature bifurcation.
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Next, consider a box, of a size one pixel on a side, as a kind of
moving frame, searching along any one of the sample cartographice lines. At
each coordinate along the line, this adjacency test can be used to locate
feature bifurcations which are cne pixel wide. One might also envision
larger searching frames, for example, 3 * 3 pigels, or § * $ pigels, which
could resolve bifurcations which are one to three pixels wide, or one to
five pixels, respectively. Once a feature is located, the searching frame
might be reduced in size, and then moved along within the feature to locate
smaller features, according to the recursive definition set forth.

As each feature in the line is located, its structure can be measured
for high order parameters, as described in Chapter §. The actual assignment
of a feature to a structure category involves matching the mean and
variance of measured parameters with the mean and variance parameters for a
known category of feature structure. Assignment to a particular feature
category is based on maximum similarity in the largest number of
parameters. It should be ramembared that since each category has a unique
standard deviation, it is possible that for certain parameters, large
deviations from the cluster mean may still be acceptable for
categorization. Weighting schemes can be assigned, to emphasize values
for particular parameters. For example, the length of features is probably
more important to feature identification than is some  particular
orientation angle. Different constraints will of course affect the
category assignment in different ways.

After all features in a section of line have been categorized, the
frequency of observed feature categories may be used to identify the

structure of the line. The identification is also a matching process, but
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what is matched here is the pattern of feature categories observed for the

unknown line, against patterns for known lines. In other words, a
temporary column can be imagined for Table 5.9. In this temporary column
is kept a running tally of features as they are categorized. The tallies

are re-expressed as a percentage of all features measured for the unknown
line, and the percentages are compared to the other columns in the table.
Comparison involves computing the squared discrepdney for each

category, and summing these for all categories; in effect
" 2
p. -
E li’i mi)
i=1

where g is the perzsiitage for a known line
m is the percentage for the measured line
n is the number of cateqories being compared.

This is a simple least squares calculation: one might consider it as

a distance computation in the cluster space of feature categories. In
Figure 6.1, a hypothetical space is illustrated for three feature
categorias, and two known lines identified within it. (In Chapter 5, the

cluster space was composed of nine feature categories and four known line
types, but this would be difficult to illustrate.} The location of lina
types in the space is determined by the proportion of features in each
catgory which compose them. Feature percentages are thus coordinates, and
each category carries equal weight in the identification process (each
dimension has the same scale in the cluster space).

The more closely located are two line types in cluster space, ths more
similar are the proportions of features which they contain, and the more

similar are their high order structures. Identification of an unknown line
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type will be based on whatever known line type lies closest to it in
cluster space, computed as the smallest magnitude distance tally. Several
authors (for example Tukey, 1979 recommend that in comparing proportions,
one may use some multiple value of the standard error above or below the
known values to express a range of confidence. For  the line

identifiéation, a standard error might be computed as

n

E (Pi - mi)2

i=1

n-2

with variables defined as above.

To summarize, then, the line identification involves two matching
tasks. First, the features contained in a line must be Ilocated, and
nmeasured for parameters of high order structure (including length, width,
and orientation, as previously described). These parameters are matched
with means and variance values for each of the nine feature categories, and
each observed feature is assigned to a particular feature category. A
running tally is kept c¢f feature category assignments, and reexpressed in
percentage form. The discrepancies between percentages of features in the
observed line are compared to percentages for each known (previously
identified> line, as a distance computation in cluster space; the measured
line is5 assigned the structure of whichever known line lies closest to it
in the cluster space.

Once matched with an existing line structure category, the newly
identified Iline is assigned generalization tolerance values, based on its

structural identification. One might also associate a confidence level to
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each identification, based on distances in the cluster space, to protect

against erroneous assignments of deviant lines to a particular category.

Improving the Structural Identifications

There are several limitations to the algorithms previously described.
In the case of the low order line discriminations, the accuracy of each
discrimination remains a  function of the resolution level of the strip
tree. This has been demonstrated by the discriminant analysis in Chapter
4, wherein the line categories become lass 'distinguishable as the size of
the bandwidths decrease.. This is not easily controlled for, except by a
constant attention to the scale of the lines being distinguished.

In the case of high order line identification, the problem which is
bound to occur is that a line will be introduced for identification which
does nat fit any of the look-up tables' existing categories. The algorithm
which nust be open-ended, and flexible during the final matching process.
It must be designed in a way that each line presented for identification is
not automatically forced into an existing structure category. No natter
how exhaustive is the loock-up table, there is always the chance that a
particular kind of line structure has not been included; however, it is
possible to design an algorithm which takes this into account.

What is called for is an identifier routine which modifies its own
look-up table on the basis of line structures which are encountered. Two
levels of this modification can be discussed, modification of the feature
composition within line categories, and modification of the original

feature categories. In either situation, the algorithm which is designed
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falls within the realm of Artificial Intelligence, or more accurately,
within the realm of expert systems.

One of the principles of research in Artificial Intelligence (or AD
is to understand the principles which make inductive reasoning possible;
however, this does not mean that the intention in applying Al techniques is
to mimiec human induction (Winston, 1977). For ezample, the algorithm for
computer identification of lines is not presented as a reflection of the
way in which a cartographer thinks or reasons. Its purpose is rather to
provide an automated means of achieving the goals which a cartographer
achieves inductively; as such, it can provide an instance in which Al
programming <an be applied to solve cartographic problems.

Many applications of Al programming relate to language analysis and to
general problem solving; there are also Al systems which are designed to
work with a single very specific domain. As these systems are designed to
improve their performance over time, they are called expert systems.
Mathematics was the domain of the earliest expert systems, as evidenced for
example by the MACSYMA system produced at MIT, which solves formulas in
integral calculus (McCorduck, 1979).

Other empert systems have since been developed which focus on a
variety of tasks; examples include DENDRAL, which interprets the molecular
structures displayed by chemical mass spectrograms, MYCIN, which is
intended to aid physicians in the diagnosis of bacterial infections, and
PROSPECTOR, a consultation system designed to help geologists with problems
in mineral exploration. (Duda, 1981> The identifier algorithm discussed
in this chapter may be redesigned as a cartographic expert system which

improves its ability to identify line structures for generalization tasks.
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The method by which performance is improved in an expert system
includes appending discovered information to an existing data base, called
a knowledge basa. The digital look-up tables provide examples of a
rudimentary knowledge base. Information can be added in the form of
introducing additional details: for example, introducing a new feature
category into the digital look-up table would provide new detail in the
knowiedge base.

Information may also be added in an expert system by introducing new
relationships between existing details, as for example, finding a new
combination of existing feature categories in order to identify a new line
structure. As the knowledge base becomes more complete, the algorithm is
able to provide interpretations based on increasingly thorough ecriteria.
The resulting interpretations can be seen to become more refined over time.

0f course, one must anticipate that after several ezxamples of some
particular type of line structure have been identified, an update or
readjustment of the knowledge base will prove useful. Readjustment implies
modification of the means and standard deviation values for high order
parameters, in order to 'polish' the summaries of feature categories, by
clustering a larger sample of features. The larger sample should in theory
result in tighter, more meaningful clusters. This modification may also
point out deviant line structures which had been erroneously included
within a particular line category.

Implementation of an intelligent identifier algorithm will not involve
extensive redesign. A kind of training session is required, and a

purposeful presentation of certain types of lines, to allow the knowledge
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base look-up tables to be fﬁrther developed. In the jargon of AI, this
sort of process is called learning, although it is easy to see that the
kind of learning which is proposed here is not intended to mimic the
training of a human cartographer. Winston (1977} writes that in training
sessions, the system is presented with examples which are good (called
‘hits") and those which are 'near-misses'. Each example is identified to
the computer as, for example, a good example of a FJORD, or a near-miss
example of TEXAS. The algorithm then proceeds through its identification
task, locating features, measuring high order parameters, and comparing
these with values in the knowledge base. Capabilities must be included to
note whatever discrepancies occur, and to use the discrepancies to further
meodify its interpretive criteria for future line structure examples.

This extension of an identifier algorithm into the realm of Al
programming is a very simplified discussion, but the reader should not
infer that such an extension is a trivial programming accomplishment. Many
aspects of the learning algorithm have not been included, for example the
data structure of the knowledge base, or the detailed mechanics of
searching through it during 2 matching task. The study of knowledge
representation forms a significant part of Al research, and an ébvious nesxt
step in the present research, to study and compare how  various
representation schemes may be applied to the learning of graphic information.

For the time being, these are preliminary remarks, intended to show
how it is that intuitive tasks may be considered within a programming
context. The dissertation has in effect served as a feasibility study, a
pre-~test; and this discussion is presented as a proposal that line

identifications may be automated by means of the structure signatures which
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have been developed, and applied to computer generalization tasks. And
while some gaps are evident in the procedures described here, it is
suggested that Al programming techniques may provide a useful means by

which many of the gaps may be filled in.

Summary

The purpose of this chapter has been to discuss several applications
of structural measurements to cartographic generalization. One erample
illustrates the enhancement of line features, as stochastic models, and the
concepts of probability in representing cartographic features; these
concepts have been reiterated throughout the dissertation. A cartographic
line is a probabilistic approximation of the geographic feature which it
repraesents: as such, conventional assumptions about the accuracy of a
generalized representation may be too stringent. Once these assumptions
are relaxed, and graphic noise permitted to augment existing information,
the representation can be enhancea as well as simplified. Generalization
is expanded to a modelling process, and the stochastic line generation
algorithm presented in this chapter provides one example of what can be
accomplished. Future directions associated with research in stochastic
models include design of perceptual tests of these representations, to
evaluate map reader response to their ineclusion in thematic maps.

The second appiication discussed in this chapter addresses a long-t‘ime
obstacle to the automation of more conventional generalization tasks,
namely the selection and modification of tolerance threshold criteria. THhe

decisions made by a cartographer are often inductive, and based on some
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visual evaluation of shape and structure in the generalized line.

In psvchology, the study of intuitive perceptions of shape
is entirely respectable, and has developed into the

important branch known as Gestalt. In mathematics, on the
contrary, to call & process intuitive is to condemn it as
unanalyzed.

Richardson, 1961, p.143

The purpose of the structural measurements made in this dissertation
has not been to express some exhaustive typology of cartographic limes, but
instead to demonstrate that structural measurements can be simply
accomplished by automated means. The structural parameters can be applied
to a variety of cartographic tasks, including line identification problems
previcusly thought to be difficult to automate. Sketches of several
algorithms have been presented by which identifications may be inciuded in
generalization routines, and also by which the identification capabilities
may be impreoved.

In the final analysis, there are many cartographic problems which are
considered ‘not easily automated' due to their inductive nature. With the
capabilities made available through research in Artificial Intelligence
programming, many of these intuitive problems prviously abandoned by some
computer scientists as 'mot analyzeable' can be more easily addressed. One
of the most difficult examples is found in the automation of many types of
graphic dispiays, including the generalization of cartographic lines.

The most difficult part of the nroblem is not how to automate the
intuitive aspects of cartography, but how to restate the intuitive aspects
of the cartographic process so as to permit its automation. The work

presented here has performed exactly this sort of restatement. Focusing on
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the aspects of the representations instead of on the recognition of a line
has provided a means by which rudimentary line structures may be automated,
and possibly imporved wupon. It remains to be seen whether the same
appreoach will be as fruitful with other problems commonly encountered in

our field.

Conclusion

In this dissertation research, a procedure has been developed by which
to derive digital definitions of graphic structure. The procedure has been
applied to the generalization of cartographic lines, whose graphic
structure has been shown to change with changes in the scale of their
graphic representation. Traditional definitions of cartographic lines have
been based on geomorphic process, or alternatively on perceptuzl response,
that is, map reader impressions. The definitions derived here are based on
changes in the geometry of a graphic representation as it is represented at
a variety of map scales, and within a range of resolutions. It has been
demonstrated that these geometric definitions lend themselves well to
digital description tasks.

The purpose of the structural definitions is threefold. First, one
may use them to distinguish between lines of differing visual
characteristics. Secondly, the definitions may be wused to identify
particular line structues, or at least to categorize observed structures as
b;eing similar to, or different from, previously identified graphic
structures. One may also apply the digital definitions to generate
cartographic lines of a predictable graphic structure, in a stochastic

modelling process.



221

The work has been discussed within the context of the generalization
of cartographic lines. Here, the bottleneck to automation lies in the
modification and selection of tolerance criteria. The development of
consistent digital definitions of line character provides a means for
tolerance modification by line distinction tasks, and a means for tolerance
value assignments using line identification procedures. Algorithms for
both aspects have been presented in the dissertation, and their
application to aspects of automated generalization have been discussed.

The research discussed here does not provide a complete solution, by
any means. The specific tolerance values which should be applied to a
fjord or to a sandy beach in order to generalize its graphic representation
are assumed to be given, for the purpose of this dissertation. This is a
big assumption, as thorough guidelines have not yet been developed. The
small sample of cartographic lines used in this study does not afford
confident descriptions of the particular graphic structure of a3 fjord, or
of a sandy beach. More appropriate description will require larger
samples, and empiric evaluation of map reader impressions; the geometric
procedures should not stand alone in defining cartographic structure.

On the other hand, this research does contribute a methodology by
which one may arrive at digital descriptions of geometry as it changes with
scale, and furthermore definitions which, once derived, may be expanded
upon. This work lays the foundations for a generalization package which
becomes more proficient over time, and is presented as a rudimentary
application of Artifical Intelligence to a specific cartographic problem.

In the end, the aspects of this work which deal directly with the

generalization of cartographic lines are not of primary importance: the
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application has provided a viable means by which to develop methods for
structural description, and will additionally provide for evaluation of
these methods. One must realize, however, that these methods may be
extended from the realm of lines into two or three dimensions, for
structural descriptions of terrain; and this ertension may be applied to
digital representations for flight simulators, navigational tasks, and
other cartographic landscape displays.

Also, one might use these methods to analyze and compare structures of
statistical surfaces and statistical solids, for example the data
clusterings which result from factor analyses, scaling tasks, and
discriminant functions. Here, too, the structure of the data will depend
on the resolution at which it is collected, and analyzed; and the methods
derived in this dissertation may provide a digital description by which the
analyses and comparisons may be carried out.

What is of primary importance in this research is the development of a
set of digital techniques which encompass scale-dependant changes in
structure, and which are developed in a format which allows refinement of
existing information, and implementation of new information as well. The
cartographic application demonstrates only one egample of the scale-
dependant structures which ‘can be analyzed. It is intended that the
description techniques may be applied to the problems of other disciplines,

as well.
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APPENDIX A
INITIAL BANDS FOR EACH SAMPLE LINE

For each of the four cartographic lines, a set of eight points was
chosen, to initialize the strip tree data structure, to bootstrap the
bandwidth subdivision process, and to simulate a cartographer's lack of
control in generalization about retention of those points critical to
geographic accuracy. The procedure has been described in detail in
Chapter 4; what follows here is an illustration of the bands and the
geometric measurements which were made, and stored in the data structure.

The lines are presented in order, first SIOUX, then HUDBY, FJORD, and
TEXAS. Each line has been subdivided into eight bands, and the heading of
each band indicates which two geographic points bound the particular strip
of tﬁe line (for example, STRIP 1 -- 2). Following this is the Ilinear
equation describing the band anchor line, its length, slope, and endpoints,
and the number of further subdivisions to be made for the given band (see
‘Levels Below'). Also tabulated are values for the five low order

parameters. Please note that throughout this appendix, the segmentation

parameter has been labelled as the bifurcation segment.
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APPENDIX B
LOW ORDER PARAMETERS FOR ALL BANDS

The purpose of the bandwidth subdivision algorithm is fourfold:
first, to organize the structural measures for each line into a strip tree
data structure; secondly, to subdivide the lines into bands; third, to
perform the structural measurements as each subdivision is accomplished;
and fourth, to store these measures for each level of resolution in a
single pass through the coordinate line file.

The algorithm works through one level of subdivision at a time.
Initially, the data structure contains only eight bands worth of parameters
(these are the geographic bands, illustrated in Appendix A). As a band in
this level is accessed, its coordinates are located within the origianl
data file. This band is subdivided, according to the principle of magimum
deviation; and the two bands which result are measured for low order
structure. These newly measured parameters are entered into the strip tree
at the next lower level. Thus the algorithm is building level 2 of the
strip tree as it accesses level 1: when all bands in a level have been
read in, the next lower level has been constructed, and can now be accessed
for further band subdivisions.

What follows here is a listing of the low order structure parameters
measured for each band of each line. Also listed are the numbar of points
subsumed by a particular band, and the length of its anchor line. Each
table is grouped by level of subdivision: thus the first 8 entries refer to
the original eight bands, the second 14 entries refer to the sixteen bands
formed when the first eight were divided, and so forth; and each

subdivision level is separated in the table by a blank line. Only
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significant bands are included in this table, so the reader should be aware
that the progression of 8, 14, 32, 64, etc. bands varies somewhat from line
toe line. The data in this table forms the basis for all discriminant
anzlvses performed in the dissertation.

In the first column of the table is listed a four-digit identifier for

each band. The first digit identifies from which of the eight original
bands the particular band is subdivided. The second digit identifies at

which lavel of subdivision the band has been resolved, and also which level
in the strip tree data data structure contains the parameters for the band.
Originally, each line has eight bands (23), and so the ‘'first' isvel of

subdivision is called level 4 (14 bands = 24

). Levels proceed on to level
7, where less than 10% of the bands retained significance (this was
discussed in Chapter 4).

The last two digits in the strip identifier refer to the exact segment
of the original band which is represented. For example, the first
subdivision of any original band produces two bands, thus level '4' of the
tree contains strip nodes 1401, 1402, 2401, 2402, atc., according to which
half of which of the eight origiﬁal bands is represented. The next level
(level 'S contains not two but four subdivisions of each original band,
and these strip identifiers range from 1501 - 1504, 2501 - 2504, etc.

This method of identification provides two capabilities. First, each
node in the data structure is related to a specific band subdivided from
each line; each set of digital low order measures can be visually related
to a specific segment of each sample line. Secondly, the identifiers
provide an indering scheme for the data structure, because each identifier

can be broken down, digit by digit, to point at the specific record in the
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disk file which contains the low order measures for a particular band. In
this way, a system is achieved to allow direct cross-reference between
segments of the cartographic line and respective measurements of low order

structure.
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.13
.03
.13
.07
.45
.13
.01
.11
.07
.10
.00
.66
.00
.20

.05
.14
.29
.19
.13
.24
.26
.30
.20
.11
.00
.26
.00
.13
.15
.04
.11
.06
.29

269

NPTS LENGTH

100
29
50
24
24
37
18
18

38
63

8
22
39
12
12
13
17
10
21
17

8
11

9
15

17
22
36
8
8
k4
14
27

82.
32.
71.
15.
27.
?7.

19

1.
68.
16.
.32
34.
24.
12.
25 .
25.
22.
.88
39.
14.
11.
s .
29.

28

45

29
39

23

42
76
59
31
17
9?0

.24
25.

32

44
03
28

S9
§0
3?7
71
24
20

0o
76
&6
71
73

.00
.82
69 .
17.
16.
19.

6
8¢
28
10

.00
.31
.42
.88
.39
.06
.03
.71
.28
.04
.20
.46
.42



STRIP

§402
7401
7503
7504
8401
8503
8504

1601
1602
1603
15604
16035
1804
1504
2401
26085
26046
2607
24608
3601
3602
3403
3604
3503
3504
4501
4582
4402
5601
5602
§s02
3402
§501
§302
6402
7401
7503
7504
8401
8605
86056
8504

1601

MONOTO-
NICITY

. 0000
. 12350
. 1667
.0000
.250¢0
.2727
.4000

0000000

.2000
.2308
111
. 1429
.1033
.1053
.375¢0
.goao
.23500
.3333
.1429
.2500
.4000
.g00a0
. 1429
.428¢
.0000
.2500
.8000 -
1111
.1538
.5000
.2000
. 2000
.¢a0¢0
.2308
.0000
.gao00
.1250
. 1667
.0000
.2500
. 2000
.0000
.4000

C OO0 00O AU A0UOUOOCO0OUO0O00 00000000000 O

0.2000

PRINTS :HUDBY.

ERROR

T X I A

Q QA s v (N = OO OQO QA0 NSO aONNMN =GO AGNG =~ aWwWwwo o

. 269
.150
.123
.567
117
.418
. 073

. 0351
. 919
. 140
. 914
.S827
.433
. 229
. 744
.819
.293
.281
. 7589
. 3446
. 784
.800
.237
. 745
. 023
.040
. 4671
.229
. 285
.4824
. 124
.629
. 318
.878
. 269
.130
. 123
.967
117
.498
.183
.073

. 051

TABLE B.2
LOW ORDER PARAMETERS

SEGMEN-
VARIANCE TATION

Q- Qoo

SO0 - - 0000000000 O O0CO 0000 OD00L 0O

.17
.24
.10
.78
.00
.61
.74

.45
.87
.67
.45
.32
.29
.43
.09
.96
.35
.47
.14
.12
.68
.96
.71
. 138
.89
.72
.63
.04
.61
.78
.87
.49
.48
.96
.17
.24
.10
.78
.60
.00
S

.74

.45

TBL.FIN

WIDTH WIDTH

(NEG)

.00
~0.
-0.
.00
-0.
-0.
-0.

33
24

33
20
04

.08
.07
.28
.21
.00
.24
.10
.00
.49
.03
.02
.74
.08
.00
.24
.02
.ao0
.89
.03
.12
.01
.09
.20
.00
.00
.06
.a¢0
.00
.33
.24
.00
.33
.00
.00
.04

(POS)

0000 Qoo

[=l=l-~loll-ieoiNe -l el " R-R-N-~NeBo-lleolNelNel e N-NelleNoelwNoll ool wil o=}

.10
.00
.00
.44
.00
.07
.04

.02
.12
.01
.01
.18
.11
.13
.13
.00
.09
.09
.10
.14
.18
.00
.08
.11
. Qo0
.26
.00
.13
.11
.00
.04
1t
.06
.25
.10
.00
.00
.44
.00
.43
.10
.04
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NPTS LENGTH

[, I R SN S S - I |

G = pa -
@ ® 0 H VWUV

[ ey

[ -
Q QU LW 0 6 60 2JWULTo=~20 6

13

39.
14.
10.

?.

5.
20.
12.

11.
.77
.00
.93
.02
.94

23
13
26
31

- S0
17.
.28
é.
.23
16.
10.
26.
.08
18.
.72
20.
S.
8.
19.
25.

16

13

31

17

9
9

10

[N
[ S5 I« < TN SV B+ N

11.

00
74
44
0o
71
00
1?7

as

8?9

40

16
00
08

36

88
39
0¢
@3
71

.22
.06
24.
22.
27.
19.
39.
14.
.44
9.
.71
.65
.74
.17

04
20
46
42
0o
76

00



STRIP

1602
1603
1707
1708
1709
1710
1711
1712
1504
24901
26035
2606
2607
2713
2716
3701
3702
3703
3704
3603
3604
3503
3504
4501
4302
9402
34601
S602
$502
5402
§501
§3502
§40Q2
7301
7503
7904
84014
8§70%
871¢
84604
8504

OO0 0O 0000000000000 0 0000000 OoO00O0O0O0O0OCO0O000000O00

MONCTO~
NICITY

.2308
L1111
.3750
.28%57
. 3333
.2857
. 2727
.0714
.3750
.0000
.250¢0
.3333
.1429
.0000
.3333
.4000
.1818
L1111
.2000
.1429
.428¢
.000¢
.2300
.5000
111
.1538
.5000
.2000
.2000
.00090
.23¢08
.go00¢
.oocCe
L1250
. 1687
.Qo0¢
.250¢
.400¢0
.254¢C
.Q0C00
.400Q0

PRINTS :HUDBY.

ERROR

D QN A ™ N L0000 0 QM NOONODONOAA0ANOHREAGDOaMLOO

. 919
.140
.232
.286
.208
.916
.866
.198
.225
.744
.819
.293
.281
.023
.668
.720
. %63
.883
.300
.800
.237
.745
.823
.040
.671
.229
.289
.4624
. 126
.629
.318
.878
L2679
.150
. 123
.567
117
.3%7
.034
.183
.073

TABLE B.2
LOW ORDER PARAMETERS

SEGMEN-
VARIANCE TATION

OO0 QO - 0000000000 OO0 OAADOOO0DLAO0DOO0O0AOO0O0OO

.87
.67
.72
.38
.12
.42
.16
.34
.43
.09
.36
.35
.47
.42
.91
.28
.13
.76
.80
.34
.71
.15
.59
.72
.63
.04
.61
.78
.87
. 43
.48
.§¢
.17
.24
.10
.78
.QQ
.21
.83
.78

.74

TBL.FIN

WIDTH WIDTH
(NEG)

-0.
~-0.
-0.
-0.
-0.
~0.
-0.
-0.
-0.

0.
-0.
~-0.
.02

0.
-0.
-0.
.20
-0.
-0.
-0.
.02

0.
-0.
~-0.
-0.
-0.
.09
.20
-0.

0.
.04

o.

0.
~0.
-0.

c.
.33
.09

-0

-0

-0

-0
-0

-0

-0
-0

-9.
0.
-0.

07
28
03
12
09
11
12
00
10
0o
q9
03

00
11
40

11
12
24

00
98
03
12
01

00

00

0o
0o

33

24
oo

32
00
04

(POS)

C OO0 0000000000000 00000 o000 00C0A0C0C0OCoO o000

.12
.01
.18
.06
.06
.19
.12
.37
.18
.13
.00
.09
.09
.03
.19
.04
.07
.04
.04
.00
.08
.11
.00
.26
.00
.13
11
.00
.04
.11
.08
.28
.10
.00
.24
.44
.00
.04
QG
.10
.04
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NPTS LENGTH

-

[Rrar -
Q Qe W0 0N 0NN -0

23

15.
.03
.31
.66

18
11
11

21.
.42

19

37.
17.
16.

6.
15.
16.

7.
11.

S.
.09

23

22.
.18

11

18.
17.
20.
3.
8.
19.
25.
9.
?.
.04

a
L

22.
27.
19.
39.
.76

iqg

10.

9.
.71
.45
.39
.94
.17

[SS S IS I & B+

.77

00

S9

48
89
28
40
23
14
62
0s
0o

14

34
72
88
39
s
03
71
22
04

20
44
42
Qo

44
]



STRIP

@ O W e

1401
1402
2401
2402
3401
3402
4401
4402
3401
5402
6401
6402
7401
7402
3401
8302

DT 0 S0 B U V0 BT I & |

[Z B S SO SO 75 T CP I 73 B ¢ TN OV IR U Y SV I o5 BN SV N o P OPO Y

OOV OO GO oOODOMO SO ono
[l SC I CVIRTC N O I S I o BRI S B LT S I T SR VS T K S

DS I CO 0 B & S - & I ST & I 0 B & R 9 B X |

(¢ 4/ BV ]

MONOTO-~

NICITY

(e B I o B = B = B o I~ ]

QOO0 0O 000000000 OC0

[ B o B < B > B e BN o Y - T < Y w B v T e T = oo T S0 B v W <o B oo O o |

[ye]

.1013
.0270
. 0688
.0000
. 0667
.0549
.0374
.0632

L0141
L1111
.gs588
L0932
Q175
.0000
.3077
. 17468
.0541
.2222
.025¢
.018°9
.0ge332
.0476
.090¢9
.0278

.0833
.1333
.1429
L1567
.000¢
.2000
.Ca253
L1667
.0938
.07a7?
.3C6Q0
.gaoc
1687
.2300
.17488
.100¢
L1687

An ma

o el

. 0438

TABLE B.3
LCW ORDER PARAMETERS

PRINTS:FJORD.TBL.FIN

ERROR

28.

134
87
33

55.
23.
.618
17.
110.
8.
3.
0.
13.
0.

3

63

W

A

re W 3

N DL VO Q (e )OO OO O

323

.414
.608
.329%
21.
57.
i3t.
13.

994
983
746
926

336
405

?773
47 S
572
044
824
6§18
742

.279
133.
. 305
260.
.972
L7911

075

842

. 279
.?61
. 472
.841
.702
. 186
.973
.700
. 8412
.620
. 284
.874
.8%1
. 482
.824
.37¢9
.gz8
. 742

An
Y3 "

OO0 00O ~oOoo

OO0 0O 00 QOO0 aocao

(=3

00000 CULUAO0UACO GO OOC0o

SEGMEN-~
VARIANCE TATICN

.73
.99
.18
.48
.63
.81
.43
.27

.71
.42
.76
.8%
.24
.63
.38
.77
.31
.11
.42
.16
.60
.96
.42
.45

.93
.41
.74
.72
17
.19
.30
.87
.03
.51

33

.92
.38
.54
.77
X
.80
11
.37

{NEG)

-0.
-1.
-0.

0.
-0.
-0.
-0.

-0

-0.
-0.
-0.
-0.
-0.

a.
-0.
-0.
-0.
-0.
-0.
-0.
-0.
~-0.
-0.
-0.

-0.
-0
-0 .
~a.

4

-0.
~0.
~-0.
~-0.
-0.

-2

0.
-0.
-2,
-C.
-0.
-0

-0
-0

16
26
42
00
é1
26
84
.18

33
10
21
0s
Sa
00
a3
os
43
12
39
88
Qé
61
21
10

18
20
10
14
ace
08
14
12
a9
19
.04
00
24
ns
08
62
a9
.13
.10

WIDTH WIDTH

(POS)

Q=" 0O 00 O0COC

OO0 Q0 000000 A0A0O0OC

OO0 Q00U O00O0UCaOOaa O

.19
.00
.72
.32
.93
.28
.01
.12

.00
.01
.12
.39
.00
.24
.14
.04
.96
.08
.00
.01
.17
.17
.02
.20

.14
.01
.00

04
21

.00
. Q0
.00
.17
.01
.13
.32
.00
.06
.04
.11
.13
.08
.33
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NPTS LENGTH

79
37
73
29
45
?1
107
44é

§2
18
17
21
57
17
13
17
37

9
39
§3
24
84
11
36

48
15

[SPEA
~

vy

- W
0Oy 00 O O 19 08 0~ U1 o )

=3 LB S I )
W 0 oo N o

105.

27.
.ao
56.
.29
97.

S0

27

49
72

79

37

68

32

34.
.60
.70
.00
47 .

23
19
63

54
8é
23
54

52

g8
00

08

]

.41
.49

.40
34.
.58
35.
.68
37.

67

74

s

.28

37

01

.34
.65
.80
.33

.68
.93
.42
.0¢C
.43
.08

24

.03
.64
.80
.50
.64
.04
.59
.37
.13
.62
.70
.22



STRIP

6502
6503
6504
7501
7502
7503
7504
8501
8502
8503
8504

1601
1602
1603
1604
1503
1407
) P
2601
2602
2502
2603
26046
2504
3601
3602
3603
3604
3503
3607
3é08
4501
4502
449012
23601
3602
3603
3604
5402
50
5602
44603
£504

MONOTO-
NICITY

.11746
.187S
.0789
.0867
.4000
.075¢
.0889
.0000
. 3333
.0000
.11854

[= =T~ Y B =~ I = B = N~ B = B = Y -~ ]

.0687
. 0000
.1429
.2222
.142%
.3000
.4000
.go000
.1000
.2900
.200¢0
.0833
. 1667
. 0628
.58294
.2941
.0000
.3000
.3333
.3333
1667
.250¢0
. 1765
it
1647
.0714
.2000
.2222
.C906
.2308
.3077
.200¢0

QO OCO0O0O0AOGdOO0 0000000000000 CAa00D

PRINTS:FJORD.

ERROR

w

(]
N WO g NSO

DA W MP - UNONOO M OO0 M OWHE H0 MM FHIIOADODO DO W~

.851
. 953
.93°9
. 247
. 093
.6720
.348
.589
.177
.111
. 339

.609
.849
.221
.779
.472
. 075
.3463
. 353
. 385
.186
.096
. 409
.700
. 827
. 049
. 844
.713
.084
. 133
. 011
.891
. 482
.824
. 881
.920
. 590
711
. 742
.1038
. Ga9
. 39S
. 1§80

TABLE B.3
LOW ORDER PARAMETERS

SEGMEN-
VARIANCE TATION

(=R~ T~ R~ — I~ B« Y~ = N Y -}

L= = iR - e i« - 2~ I~ e - No - R~ NN No il Nl el =Y - ol N>R~

.17
.00
.49
.68
.94
.54
.23
.54
.40
.60
.72

.32
.29
.32
.68
.74
.28
.00
.72
.80
.19
.27
.77
.87
.17
.88
.81
.19
.35
.25
.42
.38
.34
.77
.74
.88
.77
.25
.1t
.41
.86
.43

25

TBL.FIN

WIDTH WIDTH
(NEG?

-0.
-0.

-0

-0.
-0.
-0.
-0.

0.
-0.

0.
-0.

-0.
0.
-0.
-0.
.10
-0.
-0.
0.
~0.
-0.
~0.
-0.
-0.
-0.
. 0S8
-0.
.00
-0.
-0.
-0.
~0.
-0.
-0.

-0

-0

0

-0

-0.
-0.
-0.
-0.
-0.
-0.
-0.

-0

01
07
.36
19
0é
03
16
]
']
oo
27

00
0o
03
03

0s
08
0o
01
o8
18
14
12
07

a9

G4
03
03
24
o8
08
.82
s
22
34
12
19
34
03
. D

(POS)

OO0 OO0 OO OO0

[(=I e N-N-N-E-N-N-N.- - -l eleNelvBeNo B "R R R )]

.11
.07
.49
.a0
.13
.09
.29
.27
.04
.16
.29

.13
.61
.07
.11
.00
.02
.17
.15
.06
.00
.00
.12
.00
.64
.08
.14
.10
.13
.06
.00
.00
.06
.04
.00
.12
.01
.Q0
.08
.00
.05
.03
. G0
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NPTS LENGTH

1?
16
38
15
10
40
45

§

§
11
26

[ ey
N SO

L e e - -
OO OO NN UIO DL @]

[+ R &}

—

e

- P s
U W W 0B WY@

43

32

34.
.78
1§.
22.
19.
18.
8.
.06
2%.
12.
11.
23.
15.
18.
40 .
40 .
27.
25.
16.
S.
.04
20.
34.
13.
26 .
27.
8.

3t

8

13

19

n
L

.94
42.
57.
34.
23.
98.
52.
11.
14.
26.
.20

20
38
0é
60
72
8¢9
18
12
23

89

82
a9
42
44
0é

08
08
70
41
03
44
61
A
20
so
49
39

S9
37
50
68
664
06

.70
24.
.52
35.
11,

17

69
31



STRIP

4605
606
64607
64038
7601
7602
7502
7608
74048
76407
7608
8501
85062
8503
8607
8408

1601
1703
1704
1603
1604
1503
1807
1608
2601
2602
2502
2608
2711
2712
2504
3701
3702
3703
3704
3708
37046
3604
3503
3407
3608
4501
45012

MONOTO-
NICITY

. 6000
.2000
.0000
L3871
.1000
.3333
. 4000
.1304
. 08556
.2000
L1111
.0000
. 3333
.0000
. Q000
.3333

(= B =~ R B B o B e B o I = i = B o B o B = B > I = ]

.0667
.1333
. 1000
.1429
.2222
.1429
.3000
.4000
.go00
.1000
.2000
.2000
.go0o00
.2500
. 1847
.28387
.109¢
.2222
1111
.090°9
. 1429
.g000
. 3000
.3333
. 3333
. 1667
.2500

00 000 000000000000 OoOCOoOoD

PRINTS: FJORD.

ERROR

w (5
QDO WO = ANMAW = D OO

(4]

Q= QOO OO0 ANOMMAOONFF OO0 AO 8O W O

.@00
.704
.478
.624
.187
L2146
. 093
.391
.629
.307
.06 6
.38°9
. 177
111
.029
. 137

.809
.583
. 760
221
L7779
.472
.@7s
.383%
. 353
.3988
. 186
.09¢
.303
.022
.700
.810
. 469
.9853
.694
.762
.838
.713
.084
L1323
011
.891
.482

TABLE B.3
LOW ORDER PARAMETERS

SEGMEN-
VARIANCE TATICHN

QOO0 O QO 000U oo

[~ e B~ LI — I - B~ = I = = R~ = Y - - I~ I = I = B I = I N~ I I = ]

.00
.32
.41
.47
.22
.45
. %4
.39
.92
.37
.26
.94
.40
.60
. %4
.25

.32
.07
.61
.32
.68
.74
.28
.ao
.72
.80
.19
.27
.39
.44
.87
.75
.82
.97
.16
.44
.89
.19
.35
.23
.42
.38
.34

TBL.FIN

WIDTH WIDTH
(NEG)

0.
-0.
0.
~-0.
-0.

-0

-0.
-0.
-0.

-0

-0.
0.
-0.
c.
0.

~0

-Q.
-0.
-0.
-0.

-0

-0.
-0.
~0.

Q.
~0.
-0.
~0.

0.
-0.
-0.

-0
-0
-0
-0
-0
-0

-0
-0
-0
-0
-0

00
12
0o
03
13
.03
04
12
17
.23
44
0o
03
00
0o
.07

0o
63
01
03
.03
10
0s
o8
oo
01
08
18
00
0s
12
.08
.17
.10
.26
.25
.14
.00
.04
.03
.03
.26
.08

(POS)

O 000 0D 0D OO0 OocoOaoaCcoaonn

OO0 00 C0C O COO0OO0 0 A00O0000 AL OO0 aO

.00
.01
.48
.06
.00
.09
.13
.08
.01
.07
.35
.27
.04
.16
.71
.03

.13
.02
.16
.07
.11
.00
.02
.17
.19
.04
.00
.00
.22
.00
.00
.25
.00
.00
.00
.00
.02
.12
.13
.06
.00
.00
.04
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NPTS LENGTH

2
135
235
14
10

10
23
18
10
36

11
Z1

B ma
N QO aon

-4

s
W OO0 Q3 VYO N0 NGO SN0

3.
12 .
34.
35.
23.

13

46

11

14

24

34.
21.
45 .
1§.
22.
.42
18.
8.

19

8

é

12
24

19
28

27

bl
b

13

16
06
93
51
sS4

.04
23.
S4.
.10
18.
2.
.18
.42
26 .

80
15

36
03

25

.76
12.

8%

8¢
40
12
62
09

44
0¢&

.04
23 .
12.
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APPENDIX C
LOW ORDER PARAMETER LOOX~UP TABLES

Included in this Appendiz are the means, standard deviations, and
coefficients of variation for all parameters measured at each level of
subdivision; thesz figures are computed as the summary for all measures
within a given level of the strip tree data structure. These summary values
are also stored digitally, as an in-core Iook-up table; their application
to line discrimination tasks is described in detail in Chapter 4, and again

in Chapter 6.
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.8000

oOQ oo

COEFFICIENT
OF VARIATION
-0.5862
-1.0588
-1.4000
-1.3844§
-1.1538

COEFFICIENT
OF VARIATION
0.8442
.1083
.3333
.1000
it1t

T T L



MONOTONICITY

ERROR VARIANCE

SEGMENTATION

NEGATIVE WIDTH

POSITIVE WIDTH

LEVEL
1

N s W

LEVEL
1

U aH W

LEVEL
1

[ IS Y 7 B S ]

LEVEL
1

[ I + Y /5 B 8 ]

LEVEL
1

[ S ~JNN 7V iy N ]

Q00O C

70.
449 .

00 0QC O

-0.

~0

-0.
-0.
-0.

[ = B N B« B - ]

TABLE C.3
LOW ORDER SUMMARIES

FJORD

MEAN
.0524
.084¢
.1338
.1839
.1852

MEAN

1,00
9420
.0550
.4080
.6130

MEAN
.6100
.5100
.5%200
.4800
.4600

MEAN

4700
.2800
1400
1000
1060

MEAN
.4000
.1400
.1100
.1100
.Q700

STANDARD

DEVIATION
0.0308
.0850
.0983
. 1372
.1291

o0 o0

STANDARD

DEVIATION
60.839%0
70.2650
8§.3790
9.0560
2.7920

STANUARD

DEVIATION
0.260¢
.2300
.2600
.2500
.2500

[=JR =R~ I -]

STANDARD

DEVIATION
0.4200
.2500
.1400
.1200
.1i00

oo o

STANDARZ

DEVIATION
G.3400
.1600
.1000
.1700
.0800

[ i B - Y = |

283

COEFFICIENT
OF VARIATION
0.3585¢
1.0047
0.7347
0.74461
0.6971

COEFFICIENT
OF VARIATION
D.B668

1.363%
1.3838
2.05494
1.7309
COEFFICIENT
OF VARIATION
0.49262
.4902
.5000
.8208
. 54353

[~ IR =R~ -]

COEFFICIENT
OF VARIATION
~0.893¢4
~0.8929
-1.0000
-1.2000
-1.104G0

COEFFICIENT
OF VARIATION
0.8500
.1429
.9091
.548S
1429

[P A T



MONOTONICITY

ERROR VARIANCE

SEGMENTATION

NEGATIVE WIDTH

POSITIVE WIDTH

LEVEL
1

A D W N

LEVEL
1

[, QN 7 I N ]

LEVEL
1

N L W

LEVEL
1

A L W

LEVEL
1

g1 B W

TABLE C .4
LOW ORDER SUMMARIES

TEXAS

MEAN
. 0545
.0715
.1336
. 14681
. 1547

Qo Qoo

MEAN
86.6400
34.0900

5.3300
3.4700
2.4800

MEAN
.5%90¢0
.6100
.43500
.4800
.5300

[~~~ I~ R )

MEAN
-0.4600
-0.1600
-0.1600
-0.1300
-0.0800

MEAN
.9200
.3400
.1000
.0700
.1100

[~ I~~~ I = R = ]

STANDARD

DEVIATION
0.0287
.0594
.088¢6
.0922
.1144

(=2 = - B~}

STANDARD

DEVIATION
83.360¢0
4%.4100
10.2400
§.1500
4.6400

STANDARD

DEVIATION
0.2700
.6300
.2500
.2300
.2500

STANDARPD

DEVIATION
0.5800
.1200
.28%00
.1800
.0900

S o 00

STANDARD

DEVIATION
1.3400
.6000
.1000
.1200
.1700

o0 Q0

284

COEFFICIENT
OF VARIATION
0.52464
.8308
.663%
.6311
.7524

QO Qoo

COEFFICIENT
OF VARIATION
0.9621
.4494
.9212
L7723
.8774

BN e P s

COEFFICIENT
OF VARIATION
0.457¢6
.0328
.33546
.%208
.4717

c O o -

COEFFICIENT
OF VARIATION
-1.2609
-0.7500
-1.5625%5
-1.384¢6
-1.1230

COEFFICIENT
OF VARIATION
1.45469
.7647
.0000
.7143
.548§3

— e s A



APPENDIX D
BAND WIDTH APPROXIMATIONS FOR THE SAMPLE LINES

By sgubdividing each cartographic line into smaller and smaller bands
or segments, and then representing the lines using only the anchor lines
for each band, a series of progressively more detailed approximations of
each sample line can be achieved, in a kind of inverse generalization.
Presumably, one could continue subdividing, and produce increasing
complerities of graphic approximation: this is similar to the concept by
which fractal geometries of geographic lines and landscapes are justified.
Only five approximations are included here for each line, however, to
represent the five levels of subdivision contained in each strip tree.

One may notice in Ilooking at these approxrimations that the
adequacy of the representations varies from one sample line to the mnext.
That is to say, the anchor line approxiamtions for SIOUY seem to produce a
much more reliable visual representation at all leveis of subdivision than
do the approximations for TEXAS, for example. it is hypothesized in the
text of the dissertation that these variations may be accounted for by
computing a fractzi dimension for each line, or that the complexity of a
line may be related to the gquality of its generalized representations.
Verification of this hypothesis must include a larger sample of
cartographic lines, and also be based on empiric testing of map reader
reactions. For the time being, then, the illustrations in this Appendix
stand as illustration of the concept, rather than as a validation. Each
anchor line approximation is labelled with its respective level of

subdivision.
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TABLE D.1
ANCHOR LINE APPROXIMATIONS FOR SIOUX

N \




TABLE D.2
ANCHOR LINE APPROXIMATIONS FOR HUDBY
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TABLE D.3 -
ANCHOR LINE APPROXIMATIONS FOR FJORD

S ’

</
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TABLE D .4
ANCHOR LINE APPROXIMATIONS FOR TEXAS

3 4




APPENDIX E
STATISTICAL COMPUTATIONS FOR FRACTAL DIMENSION

As described in Chapter 5, the computation of fractal dimensions for
the four sample lines has been accomplished indirectly, by means of linear
regression. The length of all anchor lines has been summed for each level
of the strip tree, to measure the total length of each line at each Ilevel
of subdivision. This total Ilength is next divided by the number of
(significant) bands occurring at that level, to provide an average strip
length. Logarithms are computed for the total and average length measures,
as displayed in the table below. Chapter 5 includes a discussion of the
statistical analysis of this data.

TABLE E.1
LENGTH MEASURES FOR THE SAMPLE LINES

(AFTER RICHARDSON, 1961)

TOTAL NUMBER AVERAGE
LEVEL LENGTH OF STRIPS LENGTH In(TOTAL) In(AVERAGE)

SIOUX 3 849 .49 8 106.19 §.74 4.467
9 891.43 16 59.71 6.79 4.02
S 924.93 2% 37.00 6.83 3.61
6 947 .63 34 27.87 §.85 3.33
? 954.05 39 24 .46 6.86 3.20
HUDBY 3 352.21 8 44 .03 S.86 3.78
9 466 .52 ié 29 .16 6.15 3.37
S 580.03 26 22 .31 6.36 3.11
é 637 .63 35 18.22 6.46 2.90
7 6§67 .76 42 15.90 §.50 2.77
FJORD 3 484 .39 8 60.55 6.18 4.10
4 734.00 16 - 45.88 6.60 3.83
9 ?58.71 30 31.96 §.87 3.46
é 1000 .69 48 22.93 7.00 3.13
7 1196.40 63 19.30 7.09 2.94
TEXAS 3 476 .51 E} 59 .36 6.17 4.09
9 752 .34 16 47 .02 6.62 3.85
S 1062.79 28 37 .96 §.97 3.64
é 1152.00 40 28.80 7.05 3.36
? 1233.72 51 249 .19 7.12 3.19
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APPENDIX F
HIGH ORDER PARAMETERS FOR ALL FEATURES
This appendix contains listings of high order parameters for the four
sample cartegraphic lines. In contrast to the iow order parameteres, which
are organized as binary subdivisions of line segments, the high order
parameters are measured on a 'feature-by-feature' basis, as discussed in
Chapter S. The definition of a feature is racursive, in that a feature may
be broken into a trend line and a set of sub-features which birfurcate from
that trend.

At least two levels of feature bifurcations have been delineated for

each line. TEXAS is the exception to this, having three levels of
bifurcation. As with the low order parameters, a four-digit indexing
scheme has been developed to identify each feature. The first digit is

always assigned a value of 9, to identify a high order parameter. (Recall
that for all low order parameters, the first digits for the indices range
from 1 to 3.) The second digit ranges from 1 to 3, depending on the level
of feature bifurcation. The final two digits identify the sequence in

which features in a particuiar level have occurred.
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TABLE F. 1
HICH ORDER PARAMETERS

SI0UX

FEATURE NUMBER: 910t

MIDPOINT: X= 252 Y= 32 ENDPOINT: X= 149 Y= 188
LENGTH OF AXIS: 204.399 ¢ 72 POINTS)

WIDTH AT MIDPOINT: 0.0000

ANGLE OF BIFURCATION: -0.7378 (~42.2737 DEGREES)

FEATURE MUMBER: 9102

MIDPOINT: X= 174 Y= 18 ENDPOINT: X= 114 Y= 58
LENGTH OF AXIS: 76.9644 ( 184 POINTS)

WIDTH AT MIDPOINT: 0.0000

ANGLE OF BIFURCATION: -0.4620°9 (-35.5736 DEGREES)

FEATURE NUMBER: 9201

MIDPOINT: X= 114 Y= 58 ENDPOINT: X= 27 Y= 188
LENGTH OF AXIS: 213.978 ( 135 POINTS)

WIDTH AT MIDPOINT: 6.4000

ANGLE OF BIFURCATION: -0.35834 (-33.4248 DEGREES)
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TABLE F.2
HIGH ORDEZR PARAMETERS

HUDBY

FEATURE NUMBER: 9101

MIDPOINT: X= 24§ Y= 33 ENDPOINT: X= 2351 ¥Y= 34
LENGTH OF AXIS: 11.5765 ( 39 POINTS)

WIDTH AT MIDPOINT: 10.3723

ANGLE OF BIFURCATION: -0.7854 (-45.0000 DEGREES)

FEATURE NUMBER: 2102

MIDPOINT: ZX= 237 ¥= 53 ENDPOINT: X= 249
LENGTH OF AXIS: 16.0398 ( 13 POINTS)
WIDTH AT MIDPOINT: 9.8229

ANGLE QF BIFURCATION: -2.5830 (-147.995 DEGREES)

<
n

S¢9

FEATURE NUMEER: 9103

MIDPOINT: X= 214 Y= 358 ENDPOINT: ZX= 221 Y= 75§
LENGTH OF AXIS: 35.0864 ( 33 POINTS)

WIDTH AT MIDPOINT: 11.7777

ANGLE OF BIFURCATION: -1.647¢ (-94.3987 DEGREES)

FEATURE NUMBER: 2104

MIDPOINT: X= 196 Y= 67 ENDPOINT: ZX= 205 Y= 76
LENGTH OF AX1IS: 14.3891 ( 11 POINTS)

WIDTH AT MIDPOINT: 8§.6221

ANGLE OF BIFURCATION: -1.3258 (-73.9638 DEGREES)

FEATURE NUMBER: 91083

MIDPOINT: X= 184 Y= 71 ENDPOINT: X= 193 Y= 77
LENGTH OF AXIS: 14.8323 ( 12 POINTS)

WIDTH AT MIDPOINT: 9.7793

ANGLE OF BIFURCATION: -2.9764 (-170.538 DEGREES:

FEATURE NUMBER: 91046

MIDPOINT: X= 148 Y= 85 ENDPOINT: X= 147 Y
LENGTH OF AXIS: 12.1635% ( 14 POINTS)
WIDTH AT MIDPOINT: 9.157%

ANGLE OF BIFURCATION: -0.46823 (~-39.0939 DEGREES)

?5

FEATURE NUMEER: 2107

MIDPOINT: X= 118 Y= 68 ENDPOINT: X= 120 ¥= 108
LENGTH OF AXIS: 23.3651 ( 31 POINTS)

WIDTH AT MIDPOINT: 11.1488

ANGLE OF BIFURCATION: -1.2925 (-74.0546 DEGREES)

FEATURE NUMBER: 2108

MIDPOINT: X= 107 Y= 88 ENDPOINT: X= 1046 Y= 92
LENGTH CF AXIS: 6.1231 ¢ S POQINTS)

WIDTH AT MIDPOINT: 7.0000

ANGLE OF BIFURCATION: 1.3708 ( 90.0000 DEGREES)
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TABLE F.2
HIGH ORDER PARAMETERS

HUDBY

FEATURE NUMBER: 9109

MIDPOINT: X= 99 Y= 80 ENDPOINT: X= 101 Y= 95
LENGTH OF AXis: 15.3351 { iZ2 FOINTS)

WIDTH AT MIDPOINT: 10.8003

ANGLE OF BIFURCATION: -2.6779 (-153.435 DEGREES)

FEATURE NUMBER: 2110

MIDPOINT: X= 640 Y= 130 ENDPOINT: X= 635 Y= 133
LENGTH OF AXIS: 9.841¢ ( 6 POINTS)

WIDTH AT MIDPOINT: 11.1803

ANGLE OF BIFURCATION: -2.0344 (-116§.563 DEGREES)

FEATURE NUMEER: 9111

MIDPOINT: X= 27 Y= 152 ENDPFOINT: ¥X= 35 ¥= 1463
LENGTH OF AXIS: 17.4181 ( 14 POINTS)

WIDTH AT MIDPOINT: 11.6444

ANGLE OF BIFURCATION: -0.46288 (~36.0274 DEGREES)

FEATURE NUMBER: 9112

MIDPOINT: X= 18 Y= 160 ENDPOINT: ¥X= 17 Y= 169
LENGTH OF AXIS: 15.04846 ¢ 18 POINTS)

WIDTH AT MIDPOINT: 7.325°9

ANGLE OF BIFURCATION: -0.7854 (-45.C000 DEGREES)
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TABLE F.2
HIGH ORDER PARAMETERS

HUDBY

FEATURE NUMBER: 9201

MIDPOINT: X= 251 Y= 38 ENDPOINT: X= 2746 Y= 41
LENGTH OF AZXIS: 31.0219 ( 26 POINTS)

WIDTH AT MIDPOINT: 14.2413

ANGLE OF BIFURCATION: -0.4637 (-26.5700 DEGREES)

FEATURE NUMBER: 9202

MIDPOINT: X= 221 Y= 75 ENDPOINT: X= 222 Y= 85
LENGTH OF AXIS: 10.1623 ( 8 POINTS)

WIDTH AT MIDPOINT: 5.2942

ANGLE OF BIFURCATION: 0.217¢9 ( 12.4857 DEGREES)

FEATURE NUMBER: 92203

MIDPOINT: %= 147 Y= 95 ENDPOINT: X= 154 Y= 108
LENGTH OF AXIS: 12.90461 ( 9 POINTS)

WIDTH AT MIDPOINT: 4.7370

ANGLE OF BIFURCATION: -0.8803 (~-50.435%0 DEGREES)

FEATURE NUMBER: 92204

MIDPOINT: X= 113 Y= 99 ENDPOINT: X= 1153 Y= 119
LENGTH OF AXIS: 20.6491 ( 16 POINTS)

WIDTH AT MIDPOINT: §.4491

ANGLE OF BIFURCATION: -1.892% (~-108.435 DEGREES)

FEATURE NUMBER: 9240

MIDPOINT: X= 23 Y= 145§ ENDPOINT: X= 31 Y= 172
LENGTH OF AXIS: 10.9907 ( 8 POINTS)

WIDTH AT MIDPOINT: 5.6796

ANGLE OF BIFURCATION: -2.6779 (-153.435 DEGREES)

n
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TABLE F.3
HIGH ORDER PARAMETERS

FJORD

FEATURE NUMBER: 9101

MIDPOINT: &= 42 Y= 144 ENDPOINT: X= 18 Y= 150
LENGTH OF AXIS: 25.7641 ( 20 POINTS)

WIDTH AT MIDPOINT: 4.5594

ANGLE OF BIFURCATION: 2.0344 ( 116.565 DEGREES>

FEATURE NUMBER: 9102

MIDPOINT: X= 67 Y= 137 ENDPOINT: X= 104 Y= 1S54
LENGTH OF AXIS: 45.9862 ( 49 POINTS)

WIDTH AT MIDPOINT: 10.7473

ANGLE OF BIFURCATION: 1.3258 ( 75.9638 DEGREES)

FEATURE NUMBER: 9103

MIDPOINT: X= 92 Y= 130 ENDPOINT: X= 104 Y= 141
LENGTH OF AXIS: 22.9508 ( 18 POINTS)

WIDTH AT MIDPOINT: 12.7434

ANGLE OF BIFURCATION: 0.8795 ( 50.3893 DEGREES)

FEATURE NUMBER: 2104

MIDPOINT: X= 103 Y= 120 ENDPOINT: X= 117 Y= 129
LENGTH OF AXIS: 18.2521 ( 14 POINTS)

WIDTH AT MIDPOINT: 8.8392

ANGLE OF BIFURCATION: 2.35462 ( 135.000 DEGREES)

FEATURE NUMBER: 9105

MIDPOINT: X= 99 Y= 106 ENDPOINT: X= 151 ¥Y= 177
LENGTH OF AXIS: 131.083 ( 90 POINTS)

WIDTH AT MIDPOINT: 22.1413

ANGLE OF BIFURCATION: 2.3562 ( 135.000 DEGREES:

FEATURE NUMBER: 9106

MIDPOINT: X= 98 Y= 91 ENDPOINT: X= 1046 ¥= 95
LENGTH OF AXIS: 13.30046 ( 28 POINTS)

WIDTH AT MIDPOINT: 9.34258

ANGLE OF BIFURCATION: 2.2318 ( 127.873 DEGREES)

FEATURE NUMBER: 9107

MIDPOINT: X= 135§ Y= 74 ENDPOINT: ZX= 134 Y= 8¢
LENGTH OF AXIS: 11.6503 ¢ 15 POINTS)

WIDTH AT MIDPOINT: 11.7522

ANGLE OF BIFURCATION: 2.2962 ( 131.56S DEGREES)

FEATURE NUMBER: 2108

MIDPOINT: X= 154 Y= 75 ENDPOINT: X= 149 Y= 115
LENGTH OF AXIS: 45 .50468 ¢ 31 POINTS)

WIDTH AT MIDPOINT: ?7.1047

ANGLE GF BIFURCATION: 1.5708 ( 90.0000 DEGREES)



FEATURE NUMBER:
MIDPOINT: ¥X= 174
LENGTH OF AXIS:

WIDTH AT MIDPOINT:
ANGLE OF BIFURCATION:

FEATURE NUMBER:
MIDPOINT: X= 182
LENGTH OF AX1S:

WIDTH AT MIDPOINT:
ANGLE OF BIFURCATION:

FEATURE NUMBER:
MIDPOINT: X= 194
LENGTH OF AXIS:

WIDTH AT MIDPOINT:
ANGLE OF BIFURCATION:

FEATURE NUMBER:
MIDPOINT: X= 205§
LENGTH OF AXIS:

WIDTH AT MIDPOINT:
ANGLE OF BIFURCATION:

FEATURE NUMBER:
MIDPOINT: X= 22¢
LENGTH OF AXIS:

WIDTH AT MIDPOINT:
ANGLE OF BIFURCATION:

FEATURE NUMBER:
MIDPOINT: X= 225
LENGTH OF AXIS:

WIDTH AT MIDPOINT:
ANGLE OF BIFURCATION:

297
TABLE F.3
HIGH ORDER PARAMETERS

FJORD
9109
Y= 76 ENDPOINT: X= 174 Y= 88
12.6503 ¢ 10 ESINTS)
6.6881
1.892S ( 108.435 DEGREES)
9110
Y= 75 ENDPOINT: X= 184 Y= 82
7.3763 ( 7 POINTS)
6.4142
1.1071 ( 63.4339 DEGREES)
2111
¥= 60 ENDPOINT: X= 218 ¥= 1351
106.341 ( 74 POINTS)
10.82§51
2.3775% ( 136.219 DEGREES)
9112
Y= 54 ENDPOINT: X= 207 Y= 70
15.182¢0 ( 12 POINTS)
5.6152
1.8925 ( 108.43S DEGREES)
9113
Y= 54 ENDPOINT: X= 240 Y= 82
48 .0653 ( 35 POINTS)
7.6150
1.1071% ( 63.4350 DEGREES)
9114
Y= 14 ENDPOINT: X= 233 Y= 0
18.5963 ( 16 POINTS)
6.0247

1.3045 (

74.7449 DEGREES)
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TABLE F.3
HIGH ORDER PARAMETERS

FJORD

FEATURE NUMBER: 9201

MIDPOINT: ZX= 77 Y= 153 ENDPOINT: X= 76 Y= 172
LENGTH OF AXIS: 20.210¢9 ( 14 POINTS)

WIDTH AT MIDPOINT: 3.0248

ANGLE OF BIFURCATION: 1.8158 ( 104.0368 DEGREES)

FEATURE NUMRBER: 9202

~ . MIDPOINT: X= 104 Y= 935 ENDPOINT: X= 128§ Y= 102

LENGThR CT AXIS: 20.35645 ( 18 POINTS)
WIDTH AT MIDPOINT:- 4.7902
ANGLE OF BIFURCATION: 2.121i7 ( 121.36% DEGREES)

FEATURE NUMBER: 9203

MIDPOINT: X= 134 Y= 80 ENDPOINT: ¥X= 138 Y= 85
LENGTH OF AXIS: B.6569 ( 9 POINTS)

WIDTH AT MIDPOINT: 7.9941

ANGLE OF BIFURCATION: 1.4289 ( 81.8699 DEGREES)
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TABLE F .94
HIGH ORDER PARAMETERS

TEXAS

FEATURE NUMBER: ?101

MIDPOINT: X= 227 Y= 163 ENDPOINT: X= 226 Y= 155
LENGTH OF AXIS: 12.187§ ( 76 POINTS)

WIDTH AT MIDPOINT: $.46154

ANGLE OF BIFURCATION: 0.5880 ( 33.6900 DEGREES)

FEATURE NUMBER: 9102

MIDPOINT: X= 179 VY= 142 ENDPOINT: X= 159 Y= 147
LENGTH OF AXIS: 29.1488 ( 94 POINTS)

WIDTH AT MIDPOINT: 28.6279

ANGLE OF BIFURCATION: -1.4728 (-84.3824 DEGREES)

FEATURE NUMBER: 9103

MIDPOINT: X= 147 Y= 130 ENDPOINT: X= 1446 Y= 11§
LENGTH OF AXIS: 15.2361 ( 97 POINTS)

WIDTH AT MIDPOINT: §.7623

ANGLE OF BIFURCATION: 0.4734 ( 27.1250 DEGREES)

FEATURE NUMBER: 2104

MIDPOINT: X= 127 ¥= 1046 ENDPOINT: X= 123 Y= 126
LENGTH OF AXIS: 24.9127 ( 34 POINTS)

WIDTH AT MIDPOINT: 12.4510

ANGLE OF BIFURCATION: -1.9693 (-112.834 DEGREES)

FEATURE NUMBER: 2108

MIDPOINT: X= 93 Y= 79 ENDPOINT: X= 86 Y= 84
LENGTH OF AXIS: 14.3071 (¢ 67 POINTS)

WIDTH AT MIDPOINT: 9.4860C1

ANGLE OF BIFURCATIONM: 1.2424 ( 71.1859 DEGREES)

FEATURE NUMBER: ?106

MIDPOINT: X= S8 Y= 31 ENDPOINT: %= 40 Y= 44
LENGTH OF AXIS: 28.0733 { 44 POINTS)

WIDTH AT MIDPOINT: 17.01S1

ANGLE OF BIFURCATION: -1.7127 (-98.1301 DEGREES)

FEATURE NUMBER: ?107

MIDPOINT: X= §S1 Y= ] ENDPOINT: X= 953 Y= 2
LENGTH OF AXIS: 4.82814 ( S0 POINTS!

WIDTH AT MIDPOINT: 14.0454

ANGLE OF BIFURCATION: 06.3719 ( 21.3099 DEGREES)



TABLE F.4
HIGH CRDER PARAMETERS

TEXAS

FEATURE NUMBER: 9209

MIDPOINT: X= 123 Y= 124 ENDPOINT: X= 116 ¥= 134
LENGTH OF AXIS: 13.883546 ( 11 POINTS)

WIDTH AT MIDPOINT: 6.3911

ANGLE OF BIFURCATION: 0.6708 ( 38.4350 DEGREES)

FEATURE NUMBER: 9210

MIDPOINT: X= 120 Y= 120 ENDPOINT: X= 110 Y= 127
LENGTH OF aXliIs: 12.3651 ( 10 POINTS)

WIDTH AT MIDPOINT: 8.2164

ANGLE OF BIFURCATION: -1.7895 (-102.529 DEGREES)

FEATURE NUMEEK: 9211

MIDPOINT: X= 96 Y= 85§ ENDPOINT: X= 100 Y= 104
LENGTH OF AXIS: 20.585°9 ( 17 POINTS)

WIDTH AT MIDPOINT: 5.9429

ANGLE OF BIFURCATION: -1.8158 (-104.036 DEGREES)

FEATURE NUMBER: 9212

MIDPOINT: X= 8¢ Y= 84 ENDPOINT: X= 660 Y= 77
LENGTH OF AXIS: 32.6629 ( 41 POINTS)

WIDTH AT MIDPOINT: 11.8872

ANGLE OF BIFURCATION: 1.2861 ( 73.6900 DEGREES)

FEATURE NUMBER: 9213

MIDPOINT: X= 40 Y= 44 ENDPOINT: X= 240 Y= 44
LENGTH OF AXIS: 22.3071 ( 22 POINTS»

WIDTH AT MIDPOINT: ?.445¢

ANGLE OF BIFURCATION: 0.932¢ ( $3.4349 DEGREES)

FEATURE NUMBER: 9214

MIDPOINT: X= S5 Y= 2 ENDPOINT: X= &2 Y=
LENGTH OF AXIS: 17 .5432 ( 48 POINTS)

UIDTH AT MIDPOINT: §.8462

ANGLE OF BIFURCATION: 1.3258 ( 73.9638 DEGREES?

[
—
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TABLE F .4
HIGH ORDER PARAMETERS

TEXAS

FEATURE NUMBER: 9201

MIDPOINT: X= 230 Y= 154 ENDPOINT: X= 240 Y= 170
LENGTH OF AXIS: 34.2773 ( 24 POINTS)

WIDTH AT MIDPOINT: 6.0182

ANGLE OF BIFURCATION: 1.9030 ( 109.036 DEGREES)

FEATURE NUMBER: 9202

MIDPOINT: X= 226 Y= 155 ENDPOINT: X= 174 ¥= 125
LENGTH OF AXIS: 62.9254 ( 46 POINTS)

WIDTH AT MIDPOINT: 3.5338

ANGLE OF BIFURCATION: -1.3258 (-75.9438 DEGREES)

FEATURE NUMBER: 9203

MIDPOINT: X= 194 ¥= 158 ENDPOINT: X= 204 Y= 158
LENGTH OF AXIS: 11.3592 ( 9 POINTS)

WIDTH AT MIDPOINT: 4.9492

ANGLE OF BIFURCATION: -1.2490 (~71.5651 DEGREES)

FEATURE NUMBER: 9204

MIDPOINT: X= 1846 Y= 158 ENDPOINT: X= 198 Y= 167
LENGTH OF AXIS: 19.1197 ( 13 POINTS)

WIDTH AT MIDPOINT: 11.2522

ANGLE OF BIFURCATION: -2.0344 (-116.5635 DEGREES)

FEATURE NUMEBER: 9205

MIDPOINT: X= 174 Y= 1358 ENDPOINT: X= 1479 Y= 166
LENGTH OF AXIS: 14.0711 ( 18 POINTS)

WIDTH AT MIDPOINT: 6.3570

ANGLE OF BIFURCATION: -1.2490C (-71.5651 DEGREES)

FEATURE NUMBER: 9206

MIDPOINT: X= 159 Y= 147 ENDPOINT: X= 137 Y= 171
LENGTH OF AXIS: 41.1881 ( 34 POINTS)

WIDTH AT MIDPQINT: 12.80279

ANGLE OF BIFURCATION: -0.1206 (-6.9112 DEGREES)»

FEATURE NUMBER: 9207

MIDPOINT: ¥X= 1S58 Y= 139 ENDPOINT: X= 150 Y= 13§
LENGTH OF AXIsS: 10.5963 ( ? POINTS)

WIDTH AT MIDPOINT: 4.9767

ANGLE OF BIFURCATION: -0.9828 (-56.3099 DEGREES)

FEATURE NUMBER: 9208

MIDPOINT: X= 16§ ¥= 118 ENDPOINT: X= 97 Y= 64
LENGTH CF AXI1S: 93.44674 ¢ 87 POINTS)

WIDTH AT MIDPOINT: 8.63890

ANGLE OF BIFURCATION: -1.2532 (-71.8014 DEGREES)
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TABLE F .4
HIGH ORDER PARAMETERS

TEXAS

FEATURE NUMBER: 9301

MIDPOINT: X= 169 ¥Y= 1464 ENDPOINT: X= 170 Y= 174
LENGTH OF AXIS: 10.9061 ( 9 POINTS)

WIDTH AT MIDPOINT: 4.334¢6

ANGLE OF BIFURCATION: -0.2618 (-15.0000 DEGREES)

FEATURE NUMBER: 9302

MIDPOINT: X= 97 ¥= 64 ENDPOINT: X= 84 ¥= 45
LENGTH QF AXIS: 23.524¢ ( 20 POINTS)

WIDTH AT MIDPOINT: 3.4403

ANGLE OF BIFURCATION: -0.2411 (-13.8134 DEGREES)

FEATURE NUMBER: "303

MIDPOINT: ZX= 83 Y= 90 ENDPOINT: X= 87 Y= 96
LENGTH OF AXIS: 7.841¢ ( 8 POINTS)

WIDTH AT MIDPOINT: 8.1618

ANGLE OF BIFURCATION: -2.¢344 (-116.563 DEGREES)

FEATURE NUMEER: 9304

MIDPOINT: X= 70 Y= 85 ENDFOINT: X= 646 Y= 90
LENGTH OF AXIS: §6.9907 ( 7?7 POINTS)

WIDTH AT MIDPOINT: 7.4352

ANGLE OF BIFURCATION: -1.107t (-63.4350 DEGREES?

FEATURE NUMBER: 930S

MIDPOINT: X= 71 Y= 72 ENDPOINT: X= 70 Y= &4
LENGTH OF AXIS: $6.4142 ( 7 POINTS)

WIDTH AT MIDPOINT: 4.8028

ANGLE OF BIFURCATIOM: -1.892S (~-108.433 DEGREES)

FEATURE NUMEBER: 9304

MIDPOINT: X= 62 Y= 11 ENDPOINT: X= 84 Y= 44
LENGTH OF AXIS: 41 .46276 ( 33 POINTS)

WIDTH AT MIDPOINT: 5.344¢

ANGLE QOF BIFURCATION: -0.1821 (-10.4350 DEGREES)
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