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Abstract

The Stochastic Simulation Approach: Tools for

Representing Spatial Application Uncertainty
by

Charles Robert Ehlschlaeger

This dissertation's goal is to establish some practical methodology
allowing decision makers to quantitatively describe spatial application
uncertainty. Most geographic applications provide a decision maker with single
answer, with no supporting information about the reliability of the answer.
Describing spatial application uncertainty allows a decision maker to know the
range of potential application results. Knowing the range of application results
provides a decision maker with an understanding of how much faith to put into
the application results using a measure known to the decision maker: the
variation of the results itself. This dissertation focuses on how the uncertainty of
spatial data affects the uncertainty of spatial applications by applying the

following approach:
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Source maps should include methods for random field generation
included in the metadata. Random fields, which provide both a representation of
a map’s uncertainty magnitude and spatial dependence, perturb probabilistic
definitions of maps creating potential map realizations. Potential map
realizations provide inputs to geographic information system applications (or
any spatial heuristic) by repeatedly running Monte Carlo applications creating a
series of potential results. Finally, the data and application’s validity is known by

analyzing the statistical representation of the potential results.

Although computationally expensive, this process is the only practical
way of including all forms of analytical heuristics available to map users

without explicitly declaring errors for each of the analytical heurnistics.

This dissertation demonstrates a complete working model of this
stochastic simulation process from describing source map uncertainty to
analyzing application uncertainty. Due to the complexity of the problem, this
research is still in an exploratory phase, with many parts of the model needing
adjustment or better understanding. However, this dissertation provides a
modular working spatial data uncertainty model to the research community,

allowing incremental improvements to be easily incorporated.
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Chapter One, Introduction

“41l models are wrong, but some are useful " -- Charles Box

This dissertation's goal is to establish some practical methodology
allowing decision makers to quantitatively describe spatial application
uncertainty. Most geographic applications provide a decision maker with single
answer, with no supporting information about the reliability of the answer.
Describing spatial application uncertainty allows a decision maker to know the
range of potential application results. Knowing the range of application results
provides a decision maker with an understanding of how much faith to put into
the application results using a measure known to the decision maker: the
variation of the results itself. This dissertation focuses on how the uncertainty of
spatial data affects the uncertainty of spatial applications and is divided into
eight chapters: The first three chapters provide a literature review and the spatial
data uncertainty mode used by the dissertation. The next four chapters
demonstrate the spatial data uncertainty model using continuous data and
multinominal data. The final chapter discusses implementation and research

1ssues.

This chapter provides overviews of spatial application uncertainty




modeling and the solution which this dissertation proposes for dealing with the
main issues of modeling the uncertainty of spatial data and its effect on spatial
application uncertainty. Initially, this chapter states some of the underlying
philosophy behind this dissertation’s focus. The main body of this chapter
provides a literature review covering both traditional and more quantitative
representation of map uncertainty. Finally, this chapter provides an overview of

the dissertation itself.

SPATIAL APPLICATION UNCERTAINTY

This dissertation's goal is to establish some practical methodology
allowing decision makers to quantitatively describe spatial application
uncertainty. Philosophically, this dissertation falls within the realm of Decision
Science (Eastman et al., 1993), and more precisely, prescriptive decision
analysis. Prescriptive decision analysis emphasizes the use of techniques to
assist decision makers (Moore, 1975). Application uncertainty includes both the
uncertainty from the conceptual representation of the application’s model, as
well as the uncertainty caused by using data with an accuracy below what 1s

expected for the application model inputs.

[39)
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Figure 1.1, Application Uncertainty

A spatial application, in this context, could be geographic information
system (GIS) commands, environmentai process models, complex spatial
interaction models, or even an individual developing conclusions by reading
information from a map. The application process model, if designed properly,
defines the relationship between a set of data inputs and application results,
such as measured reality. Application model uncertainty, on the other hand,
must be defined by the potential variability of process model output when using
data different from the type of data used to develop the application model.
Bayesian statistical inference (Aspinall, 1992), residual analysis (Jager &
Overton, 1993), and cross-validation (Amorocho, 1973) are techniques to
determine model uncertainty. Application process model error represents the

difference between application results and a goal result. Amorocho’s hydrologic
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model provides a good example of describing process model error. Amorocho
determines stream outflow. O, using daily rainfall measurements. R, and a
second-order nonlinear functional model, o, = fi7, 7., . r,.: . ... I, Where 7, is an
element of R, j represents one day, r,, to 7, represent rainfall measurements used
to calculate stream outflow at /. f7j is determined by the relationship between o
and R. f7)’s second-order nonlinear functional model uses the values r, to 7, as
well as the difference between each r, and r,_, to calculate o, R could be one
rainfall event. several contiguous rainfall events, and/or many discontinuous
rainfall events. A rainfall event time span includes the days rain fell within the
watershed. as well as all future days where stream outflow is higher than normal
outflow caused by other sources (e.g., ground water). The variation of the
process model s simulated streamflow compared to historical streamflow for
one rainfall event would be one example of application model error (one rainfall
event covers several days). Including several or many rainfall events will

provide a larger set of error measurements providing a better error estimate.

In order to describe model application uncertainty. the model developer
would need to construct the second-order nonlinear functional model using
cross-validation techniques (Amorocho, 1973). C ross-validation is the process

of developing multiple process models, each model developed from a sub-set of




the data. Each model would then be tested against the data not used to develop
the model. Usually, only one set of input/output data is removed from each sub-
model. The variance of the results would provide process model uncertainty.
When the “process model” is human controlled, such as land cover
classification, process model uncertainty can be calculated by using a large
number of individuals applying the model with the same data (Cardille et al.,

1996).

An easy way of remembering the difference between error and
uncertainty is that error can be measured while uncertainty can only be

estimated.

SPATIAL DATA UNCERTAINTY

Spatial data uncertainty and error are defined in the same manner as
application model errors and uncertainty: Data errors are measured differences
between a data representation and a higher quality of data. Data uncertainty
represents the potential variability of data compared to the higher quality of
data. The most important goal in error research is to determine methods for
minimizing errors (for example Bregt et al., 1991; Brown & Bera, 1994; Boistad
et al., 1990). However, the most important goal in data uncertainty research Is to

understand how accurate the data is. For example, the measured error between a




7.5 digital elevation model (DEM) and 1-Degree DEM would be the difference
between the various values at similar locations. Bolstad & Stowe (1994)
compared both Gestalt Photomapper derived 7.5 USGS DEMs and SPOT
derived DEMs with the higher quality National Geodetic Survey information
(see Campbell, 1990 for additional comments). Another example is work by
[saacson and Ripple (1990). They compared 7.5' to 1-Degree DEM elevation
values, slope gradient, and slope aspect to see whether 1-Degree DEMs were
suitable for forestry applications. These references indicate the way to measure
data uncertainty is to compare the data to more appropriate data. The next

section explains what makes comparison data appropriate.

THE RELATIONSHIP BETWEEN APPLICATION DATA AND MODEL

The central concept defining many of the themes in this dissertation is
that there is an intimate relationship between maps developed and applications
using those maps, such that together, maps and application form a model, or a
representation of reality. For example, with the introduction of 7.5' DEMs, many
hydrologic and soil erosion models (Jager & Overton, 1993; Jager et al., 1990;
Milne & Sear, 1997) began being developed with the assumption that DEM
quality data would be available as inputs to those models. Often, model
developers recognized the generalization inherent in the DEMs and created

parameters within their processes adjusting for the generalization. When using




spatial data intended by the mode! developer, spatial data uncertainty is not an
important issue. However, if the process model was made with the assumption
that “real world” data, or data of a higher quality are the inputs, spatial data
uncertainty must be understood. Lodwick et al. (1990), Aronoff (1982, 1985),
and Story & Congalton (1986) are examples measuring the quality of data based
on the application(s) using the data. Multiple data sources increase application

uncertainty issues (Walsh et al., 1987).

In order to better understand the full effects of both spatial data
uncertainty and spatial application uncertainty, methods representing each must
be independent of each other. For example, consider any application defined by
complex objects interacting with each other. Even with hi gh quality spatial data
available, representing spatial application uncertainty will be a complex task
when the application itself is complex. Model developers should concern
themselves with developing the model given a specific accuracy of (hopefully

available) data.

This concept is particularly significant in the use of new applications.
Because newly-developed applications lack the well-defined standards of well-
known applications, they must be extensively evaluated in order to determine

the accuracy of existing data and to identify the data collection methods which



may need to be used and/or improved in order for the application to produce
meaningful results. A typical problem is that rules developed for an application
may be applicable to only a particular type of data. For example, digital
elevation models (DEMs) are constructed using several methods at different
resolutions. An application designed for use with one type of DEM might easily
produce false results if it is used with a different DEM, especially a DEM

constructed with low accuracy standards.

One common problem is that useful models may need to be applied to
regions for which data of the required quality is unavailable. This dissertation
formulates a methodology that allows the use of lower quality data returning a
distribution of model results. Depending on the shape and size of the
distribution, model users can then decide whether the lower quality data’s

distribution can give a useful answer.

Although many applications require only local accuracy attributes to be
known, some applications are sensitive to the spatial autocorrelation of map
attributes and require stochastic simulation to see how the spatial variability of
map uncertainty affects the applications. Unfortunately, existing stochastic
simulation tools make it difficult to represent errors with a great deal of spatial

autocorrelation. A great deal of spatial autocorrelation is a common trait among




many types of geographic data. This dissertation explores methods to solve this
problem in a manner more intuitive to typical GIS users, and develops case

studies for typical geographic map structures in GIS.

Literature Review

To most American researchers, if not most researchers of the world,
~geographer’” refers to someone who collects and analyzes information about
the world. “Geographer” has become synonymous with "map maker” because of
the way most spatial data are stored and displayed. Although the profession of
geography is broader than that of cartography, the collection and analysis of
spatial data are essential to accomplishing those tasks at which geographers
excel. As the proliferation of data collection methods increases and the
availability of spatial data increases yearly, spatial data quality is becoming less

and less knowable by data users.

Cartographic rules of thumb, or implicit understandings about data
quality, are becoming less relevant. Scale, for example, is one issue that is being
redefined at this time. Originally, map scale not only informed the map user of
the spatial representation of the objects on a map (Baugh & Boreham, 1976), it
defined a level of quality due to the implicit understanding of the data available

to create the map (Merchant, 1987). GIS allows users to change view scale at




will. Static map representation can imply a higher quality of data when viewed
at a lower than intended representative fraction. As a result, explicit

representations of data quality (or measurements of data error) need definition,
and a great deal of research is needed before a complete understanding of data

quality and data error can be achieved.

Phrases like “spatial data quality,” “spatial data error,” “map error,” and
“map uncertainty” are being used throughout this dissertation and other
literature. There are subtle distinctions between the meanings of these phrases
that sometimes cause confusion or unintended implications. As the literature on
these issues is vague and contradictory, the following definitions will be used
throughout this dissertation. Maps are a representation of reality. Specifically,
they are physical models of a cartographer's cognitive model of reality
(Monmonier, 1975). Spatial data defines a spatial sampling of reality. Tobler
(1989) and Goodchild (1992a) both agree that spatial data is also a
representation of reality, and shouldn’t be mistaken for reality. Map and spatial
data are used interchangeably by this dissertation because spatial data is a subset
of map and the techniques described apply to both maps and spatial data. A
map's quality is based on how well the map represents reality. While deviations

from reality can be considered error, maps and spatial data are almost always
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generalizations of reality, and maps shouldn’t be expected to be perfect. With
that philosophy, a map’s (or spatial data’s) deviation from reality would be more
accurately described as its uncertainty. Thus, the term error should be used
whenever describing a specific example of data not exactly placed or measured.

Uncertainty should be used whenever describing or representing potential errors.

There are many ways of classifying error. Cartographic (or positional or
locational) error is defined as the incorrect location of positional features on a
map (Chrisman, 1987, Bedard, 1987). Lowell (1991, 1994), Mark & Csillag
(1989), Blakemore (1984), Campbell (1987), Muller (1997), Dutton (1981,
1992), Adkins & Merry (1994), and Edwards (1994) are recent works defining
cartographic error. Thematic (or attribute or descriptive) error refers to the
incorrect description of attributes on a map. Dicks & Lo (1990), Cord (1982),
Walsh et al. (1987), Gopal & Woodcock (1994), and Davis & Keller (1997b)
show methods describing thematic error. Measurement error and conceptual
error describe the degree of imprecision in the positional and attribute values of
features, respectively. Theodossiou & Dowman (1990) and Essaid & Hess
(1993) are recent works representing measurement ervor. Conceptual error has
been further subdivided into categoric, qualitative, numeric, and quantitative

error for nominal, ordinal, interval, and ratio data types, respectively. Nominal
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(from Latin nomen = name) data classifies different object types. Categonical
coverage GIS maps are generally composed of polygons with nominal data
attributes (e.g., soils or land cover maps). Ordinal (from Latin ordo = order) data
ranks object types. For example, the output from a GIS buffer function is often
in an ordinal data format, with higher numbered buffer zones further away from
the objects being buffered. The buffered output will show which buffer zones
are farther from an area of interest, but there is no guarantee that buffer zone
two (2) is rwice as far away from buffer zone one. Hammond and Householder

(1963) have a detailed description of the various data types.

[ssues of map error have been extensively explored as part of the
National Center for Geographic [nformation Analysis's (NCGIA) Research
Initiative No. 1: Accuracy of Spatial Databases. A Tuxonomy of Error in Spatiul
Dutabuses is an excellent literature review from that Research [nitiative
(Veregin, 1989b). Lunetta et al. (1991) also provides a good review. Most of the
research from [nitiative One and most spatial data uncertainty modeling
research since has attempted to represent only the magnitude of errors. The
spatial autocorrelation of error has received far less attention (Fisher, 1991b:

Hunter and Goodchild, 1995a).

NCGIA's Accuracy of Spatial Databases: Annotated Bibliography is one



report describing many publications addressing spatial accuracy issues (Veregin,
1989a). This report was one of many from the NCGIA's F irst [nitiative on
Spatial Database Accuracy. In the Initiative's Specialist Meeting, participants
identified the eleven topics most relevant to issues of spatial accuracy: 1) data
structures and models, 2) models of error and distortion, 3) error propagation. 4)
product uncertainty and sensitivity, 5) risk analysis, 6) accuracy concerns
between users and agencies, 7) experimentation and measurement, 8) error
reduction methods, 9) interpolation and surface modeling, 10) aggregation,
disaggregation and modifiable areal units, and finally 11) regularity and stability

(Goodchild, 1989).

SPATIAL AUTOCORRELATION

Many of these accuracy issues would not exist without the First Law of
Geography. The First Law of Geography states: "Everything is related to
everything else, but near things are more related than distant things" (Tobler,
1979). To state that more succinctly, positive spatial autocorrelation exists.
Many map errors are spatially autocorrelated. For example, an elevation map
made by traditional survey techniques is an example of error propagation.
Surveyors first choose a set of available bench marks, each of which has a
minute amount of error. They build several transects connecting the bench
marks. Each transect station includes the errors from the bench marks, as well

~
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as individual surveying errors. From each station, surveyors locate a set of point
elevations that are used to interpolate the elevation surface. While errors were
instantiated at a point in space, each error affects the information developed
from it. This information has a spatial domain. Errors at each stage of the map
generation process propagate through later stages of map generation. lL.e., each
point elevation error will influence the region interpolated using that point. The
transect station's error will propagate to all the point elevations. Finally, each
bench mark error will propagate through each transect station to each elevation
point. Because unknown errors become uncertainty, the uncertainty of spatial

data is spatially dependent.

If the First Law did not apply to the real world, spatial data uncertainty
modeling woiild be a trivial task. GIS practitioners would be able to choose a set
of random points in a study area and apply a variety of techniques to represent
errors, such as fuzzy set theory (Heuvelink et al., 1989; Burrough, 1983; Banai,
1993; Leung, 1987; Heuvelink & Burrough, 1993, Altman, 1994), statistical
techniques (Cord, 1983), induction methods (Lagacherie & Holmes, 1997) or
function error indexing (Lanter & Veregin, 1992). Without spatial
autocorrelation, any of these methods could easily determine whether the

application accurately answers the questions asked. Unfortunately, spatial

14




autocorrelation exists, and errors are spatially autocorrelated. It is rare thata
map will contain, or have the metadata required, to identify all sources of
potential error (including absolute position in space). For example, if a surveyed
elevation map also contained the locations of bench marks, transect stations,
elevation points, and the interpolation algorithms used, errors in the map
building process could be better estimated and propagated to the resulting

elevation map.

Size and texture can be very important in solving many geographical
applications. For example, although it may be known that a region of land 1s
80% likely to be “young heather moorland,” and otherwise be “middle-aged
heather moorland,” that information alone indicates nothing about the shapes
and sizes of young and middle-aged patches of heather moorland (MLURL
1993). This information is vital to the viability of grouse populations, which

need young heather for feeding and middle-aged heather for nesting.

The heather example demonstrates a fundamental dichotomy between
types of geographical problems. Many geographical problems can be defined
and solved by analyzing only the information at each location in the study area.
also known as using local measurement scale geographic applications. One

example of such problems requires the overlaying of maps (McHarg, 1969) and
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redefining regions based on classes from the overlaid maps. Other geographical
problems are concerned with the spatial relationship of information ( local
neighborhood, extended neighborhood, and zonal measurement scale
geographic applications). Location and transportation problems are an example
of these problems, while buffering, shortest path, and line of sight GIS functions

are more simple examples.

Getis (1992) argues that it is necessary to develop “proximal” data bases
which reflect the heterogeneity of spatial data, especially errors in data. In the
context of spatial data, heterogeneity describes how spatial parameters vary
from place to place. For example, the states of Utah and Wisconsin have
approximately the same percentage of surface area covered by water, but Utah's
water surfaces comprise several large water bodies, whereas Wisconsin has
many smaller water bodies. Measuring heterogeneity is critical to the success of

an error modeling system.

Confusion matrices (also known as error matrices (Rosenfield, 1986),
and contingency tables (Cord, 1983)) are used to better understand categorical
data. Confusion matrices are often created by comparing data to a ground
sample or to more accurate data (Congalton et al., 1983). A confusion matrix

stores the probability that a given category value might be any of the category

16



values in the map. For example, a categorical coverage map with three

categories might have the following confusion matrix:

90 06 .04
.08 83 09 (1.1)
03 02 95

where matrix rows represent categories depicted in cells on the map,
matrix columns represent categories as they should exist for an application, and
matrix values are the possibility that the row category depicted on the map
should be the column category. For example, if the map indicates the first
category is at a particular cell, the cell has a 90% chance of being category one,
a 6% chance of being category two, and a 4% chance of being category three.
Aspinall et al., (1991) demonstrate confusion matrices used to represent the
errors associated with the creation of a land cover map of Scotland for the vear

1988.

The kappa index is one quantization measure of a confusion matrix’s
quality (Cohen, 1960; Rosenfield & Fitzpatrick-Lins, 1986; Hudson & Ramm,
1987). Foody (1992) provides a kappa-like index, arguing it is a better measure

of the proportion of agreement. Finn’s (1993) average mutual information index

17



is an alternative scheme for measuring attribute error.

Even with an understanding of the size and texture of spatial data
uncertainty, it is not possible to determine what is actually "out there" as long as
there is any amount of uncertainty. All that can be achieved is the generation of
representations of what may potentially be there, and the use of these potential
realizations to develop a stochastic understanding of how spatial data

uncertainty affects a geographic information application of any complexity.

Fisher (1991a) applies random values to each cell to get a perturbed
potential reality. Confusion matrices provide the probabilistic representation of
the uncertainty. Although confusion matrices provide a good understanding of
the potential coverage in an individual cell, the lack of heterogeneity will
generate unrealistic category regions unless the cells are exactly the right size

and shape of category regions.

Spatial dependence is important in spatial application uncertainty
analysis. The following example will demonstrate that the most simple spatial
application uncertainty analysis is affected by spatial dependence (Anselin &
Griffith, 1938; Congalton, 1988b; and Arbia, 1989 also provides examples and

discussion of this issue). Given an area C with two adjacent homogenous cells.
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Why is spatial data dependence important for
spatial applications? A simple example:

50% correlation between cell attributes

50%: | nest 50%: | nest
50%: 0 nests 50%: 0 nests
C, C.

What is the expected number of Gnatcatcher nests within the
area C (both C, and C,)?

What's the likelihood there will be at least one nest in C?

FTgure 1?Whv is st;;itial data dependence impoi‘tant‘?

Each cell has a 50% chance of containing one California gnatcatcher
nest. otherwise the cell will contain no nest. The two cells’ nests will be the
same 50% of the time and independent otherwise. Our application questions are:
~How many nests will area C have?” and “What is the likelihood area C will
have at least one nest?” These application questions demonstrate spatial
application uncertainty’s relationship with data uncertainty’s spatial

dependence.

It is easy to realize that the average number of nests C will contain 1s
one. However, as Schrodinger’s Cat will tell you, the answer to “How many

nests will area C have?" is not one. Schrodinger (Weaver, 1987) suggested the
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following hypothetical circumstance: A live cat is placed in a box. A radioactive
particle with a half-life of one hour will activate a device killing the cat if the
particle decays. It is impossible to see the condition of the cat within the box.
He then asks the rhetorical question: After one hour. what is the condition of the

cat without looking in the box?

The following two probability distributions demonstrate what will
happen when ignoring or accounting for spatial autocorrelation. [gnoring the
spatial autocorrelation of area C. we would conclude that there is a 50% chance
that area A will contain one California gnatcatcher nest with a 25% chance each
that the area will contain no nests or two nests (imagine flipping two coins and
counting the number of heads that show up). Using other terminology. the

standard deviation of the total population of possible results is 0.707 nests.




50% corrclation between cell atnibutes

50%: | nest
50%: 0 nests

o
C. =l nest
C, =0 nests

50%: 1 nest Ignormg Spatlal
50%: U nests Autocorrelation
C,
_— 100%
C.= 1 nest Total Nests
75% 25%
C. =0 nests =
— - 50% 0%
C. =1 nest Ve L
— . 25% 0 2%
C. =0 nests =
0%

Figure 1.3, [gnoring spatial autocorrelation.

Accounting for spatial autocorrelation, the average number of nests in
area C will still be one. However, the distribution of the uncertainty has
changed. There is only a 25% chance there is one nest in area C. Zero or two

nests will occur 37.5% of the time each. Taking into account spatial

autocorrelation, the standard deviation of the total population of possible results

1s 0.866 nests.
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Figure 1.4, Including spatial autocorrelation.

Depending on the application of this information, accounting for spatial
autocorrelation could be significant. For example, an ecologist might find it very
important that there be at least one California gnatcatcher nest in area C.
Ignoring spatial autocorrelation tells the ecologist there is a 25% percent there
are no California gnatcatcher nests: This is much different than the real 37.5%
chance there are no gnatcatcher nests. This nest example demonstrates that
geographic applications using only local scales of measurement, the most
simple spatial type of application, must account for spatial data variability. Lee

et al. (1992) uses a more complex application to demonstrate the importance of




spatial autocorrelation. Geostatistics was developed for this purpose.

GEOSTATISTICS

Geostatistics is "the study of phenomena that fluctuate in space” (Olea,
1991). Journel (1986b) provides a concise readable description of geostatistics.
Geostatistics uses vectors of random variables Z(U) to characterize unknown
values, generated by probability distributions which characterize the uncertainty
of the random variables (Journel, 1986). Z represents a continuous random field
and U represents the area covered by the random field. Modeling geographic
errors has problems not often encountered in many geostatistical problems, such
as medical imaging, in that geographic objects are often generalizations or
interpolations of real world entities (Goodchild, 1992b). Stochastic simulation is
the process of Monte Carlo drawing of realizations from probability distribution
model(s) (Essaid & Hess, 1993; Florax & Folmer, 1992; Bouoiyour, 1992: Gorr
& Olligschlaeger, 1994). One of the goals of stochastic simulation is to build
alternative, equally probable models of a spatially distributed vanable (see
Nichols & Freshley, 1993 and Fisher & Langford, 1995 for an example of
modeling errors). Conditional simulation, in contrast, makes models of a
spatially distributed variable taking "true" information about the variable into

account when generating each realization (Journel, 1986). Kriging (Fedorov,

9
(¥3)




1989) is an excellent example of conditional simulation and has been discussed
by Englund (1993) and Ver Hoef ( 1993) in environmental problems. Whether
using conditional simulation or stochastic simulation, model developers have
the choice of a parametric or non-parametric approach. A parametric approach
has model parameters determine the distribution function. Multigaussian kriging
and simulation use mean and variance of sample data to determine the
distribution function ( Anderson, 1958; Verly, 1983). A non-parametric
approach, such as indicator kriging (Journel, 1983a). or soft kriging (Journel.

1986) directly estimates the distribution function.

RANDOM FIELDS

Random fields are the foundation of Geostatistics. A random tield is a
surface of spatially autocorrelated random values (Haining et al.. 1983:
Larimore. 1987). Random values can be used as instantiations of map error,
with the fields representing the spatial autocorrelative characteristics ot the map
error. Random fields can be used to generate realizations of both cartographic
and thematic map error for stochastic simulation. Due to various spatial
database representations and map types, there are many forms of error, map
type, and database representations that researchers have used in attempting to

represent map error and uncertainty.




There are two main forms of maps used in geographic applications:
continuous coverage maps and multinominal maps. This dissertation uses the
terms “continuous coverage maps” and “multinominal maps” to reflect the
characteristics of real world information. Continuous coverage maps are maps
of a single variable, with a single ordinal, interval, or ratio measured value at
each point in space, also known as field-based maps. Multinominal maps are

also field-based maps, with nominal values at each location.

Continuous coverage and multinominal map types are represented in

both raster- and vector-based spatial database structures. While geostatistical

randomizing techniques exist for all four combinations of map types and spatial

database representations, this section discusses the appropriateness of various

implementations.




Figure 1.5, Continuous Map

Normally, raster maps are associated with representing field-based
information while vector maps are associated with representing object-based
information. However, both database structures can represent either tield- or

object-based information.

Raster-based continuous maps are usually regularized grids in raster GIS
where cell values represent Z values. The simplest randomizing techmique
involves adding random field(s) to the continuous map creating realizations of

the continuous map (Ehlschlaeger & Goodchild, 1994a). A more approprnate




method involves adding random field(s) to a “mean” surface of possible
elevation values (Ehischlaeger & Shortridge, 1996, Ehlschlaeger et al., 1997). In
both cases, the random fields will have similar potential magnitudes and spatial
statistics as measured errors between the continuous map and information from
a higher accuracy source. In these methods, cartographic error is represented
when describing measurement error. Chapter Five provides several case studies

implementing this procedure.

Figure 1.6, Multinominal map (perspective view)

Raster-based multinominal maps, also known as category coverage maps

or area class thematic maps, are regularized rectangular grids where cell values
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represent unique classes of information (e.g., land cover and soil maps). A
probabilistic multinominal map can be defined as a set of maps, one map for
each class, where each class map’s cell represents the probability that the class
is in that cell (Goodchild et al., 1992). Edges between classes are represented by
transition zones appropriate to the multinominal map’s locational uncertainty.
Spatially autocorrelated potential realization(s) of an binary map can be
generated by using random field(s) containing values between 0.0and 1.0
compared to that class’s probability map to determine whether the class belongs
in each cell. Multinominal maps have this technique applied sequentially to

each class (Ehlschlaeger & Goodchild, 1994b).

[n a vector-based GIS, the map’s topology is defined by points, lines, and
polygon objects. An object is defined as a thing that forms an element of, or
constitutes the subject matter of an investigation or science. When developing
uncertainty models in a vector-based GIS, researchers have defined cartographic
and attribute errors using the original map’s topology. Multinominal maps are
defined as polygons with homogenous characteristics. Uncertainty is represented
by locational uncertainty and attribute uncertainty. Modeling attribute
uncertainty is done in a similar manner as field-based multinominal maps, with

polygons having probability distributions instead of cells. Locational uncertainty
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can be modeled by perturbing point locations describing the vector topology.
Perturbing points is achieved by creating two random fields, one for the x
coordinate and one for the y coordinate (Goodchild et al., 1995; Hunter &
Goodchild, 1995a; Prisley et al., 1989). Coordinate random fields must have a

high level of spatial dependence to maintain planar topology.

Vector-based maps defining continuous surfaces use triangular irregular
surfaces (TIN). The triangular regions of the TIN topology define planar
surfaces representing the fields. Points at the triangular polygon corners are
located by critical points in the field. Modeling TIN uncertainty requires three
random fields, one for each of the dimensions defining critical points. As with
vector-based multinominal maps, TIN random fields must have a high level of

spatial dependence to maintain planar topology.

There is little difference between vector-based and raster-based
uncertainty representation techniques when describing uncertainty between
maps at the same scale. However, raster-based uncertainty representation
techniques allow multi-scale representation of uncertainty (i.e., representing
class inclusions not found on smaller scale multinominal maps, or describing
shape complexity not available in a smaller scale continuous map), while

vector-based representation techniques do not. On the other hand, vector-based
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uncertainty representation techniques provide a better representation of edge

location uncertainty, if described at the same scale as the map.

The ability to generate potential realizations for all maps brings us very

close to Openshaw’s (1989a, 1989b) "error buttons."” Openshaw imagines future

GIS performing various types of standard error audits and sensitivity analyses of

map applications with the touch of a button. The paper describes a universal

solution based on Monte Carlo simulation (see also Kretch & Mikhalil, 1990 and

Oh & Berger, 1993). There are six basic steps:

Step 1) Decide what levels and types of error characterize each
data set.

Step 2) Replace data with a potential realization of data using
appropriate probability distributions.

Step 3) Apply a sequence of GIS operations to Step 2's data.
Errors or uncertainties in supplied models and GIS functions will
also be simulated by randomization.

Step 4) Save results. The result may be a single value, map, or
whatever is desired by GIS user.

Step 5) Repeat Steps 2 through 4 a number of times.

Step 6) Compute summary statistics or apply a Monte Carlo
significance test.

Although computationally expensive, Monte Carlo simulation is the only

way to allow the uncertainty of spatial data to be treated independently of the

applications using the data. Process model developers need only concern
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themselves with representing the uncertainty of their applications with the
assumption that the accuracy of the input data matches the accuracy and scale of
the data used to describe and calibrate the model. The spatial data uncertainty
model has the responsibility to represent the generalization between the process
model quality data and the data actually used in the study area. This is the only
practical way to allow every potential GIS function and spatial model to

represent uncertainty caused by spatial data uncertainty.

Examining these realizations (which may number in the hundreds) and
exploring the similarities and differences between them can be a major
challenge. While quantitative techniques will often provide an understandable
representation of spatial application uncertainty, cartographic visualization is
often required to represent application results not easily quantified. This
prompted an exploration of non-traditional forms of cartographic representation,
including animation (MacEachren, 1994). See (Beard et al., 1991) for a more
complete review of data quality visualization. A particular problem in the
generation of smooth animations from a series of “stills” is the creation of
intermediate images to blend from one still to the next. These intermediate
images are critical for a smooth blending from one realization to the next, but if

they lack the statistical characteristics of the actual realizations then the
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animation will misrepresent the data and the form is inappropriate for analysis

or communication.

Data visualization may be categorized along a continuum that stretches
throughout the duration of a research project (DiBiase, 1990). Animation of
uncertainty may play a role in the exploratory phase of this continuum. During
the early stages of the work, it can be an invaluable aid for exploratory analysis
of the data. The methodology employed by Ehlischlaeger et al. (1997) to
generate animation sequences did not consume a large amount of time, so
incorporating animation into this phase is technically feasible. At the opposite
end of the continuum, graphic representations of the data and analysis can assist
in communicating results and clarifying important points to the scientific
community. While most animation research deals with static images (Jaakkola,
1996 for example), this research recommends movies containing a series of

animations to demonstrate spatial autocorrelation.

Spatial autocorrelative characteristics can play a significant role in
understanding the impact of uncertainty during the research process. This
information can be especially critical in a spatial application for which the
relative locations of objects are important (e.g., optimal path routes and

viewshed analysis). The video “Random Fields and Their Use in Representing
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Spatial Autocorrelation” (Ehlschlaeger, 1994) communicates the importance of
spatial autocorrelation in representing spatial data uncertainty. The video
includes two animations, both of which show the impact of potential sea level
rise on the shoreline of Boston Harbor. The first animation, “Ignoring
Autocorrelation Movie,” assumes the uncertainty term has a constant value
(error) for each realization. While the magnitude of error is represented
correctly at every cell, the shoreline shapes do not represent potential results.
The second animation, “Spatial Autocorrelation Included Movie,” incorporates
the spatial autocorrelative characteristics of uncertainty. In both animations, the
amount of time a section of land remains underwater represents the probability
of submergence given a 1.9 meter rise in sea level. However, the second
animation details the effect of ocean level rising on contiguous regions more
accurately (e.g., “What is the probability that this road will not be covered with

water?”).

The spatial autocorrelative characteristics described by the second video
animation are used in the animations made by Ehischlaeger et al. (1997). Each
realization possesses different landscape elevation values and is applied to a
corridor location analysis (Church et al., 1992). This process was easily

constructed using special software developed for the GRASS GIS to generate




animations (Brown, 1992; Mitasova et al., 1994). As a result of the changes to
each elevation surface, the accumulated cost surface estimating optimal corridor
locations is also unique for each realization. The spatial pattern of any single
realization is not of particular interest, for no one realization is more likely than
any other to approximate the actual elevation surface. Instead, more interesting
information may be gleaned from the details of the relationships between the
realizations. The changes in the width and route of the corridors illustrate the
impact of uncertainty. If there is little change from realization to realization, one
can be fairly certain that the least-cost path lies along a rather well defined
corridor. On the other hand, if change is dramatic, and a variety of differing
corridors are suggested, then error in the spatial data has translated into a great
deal of uncertainty in the application. Much can be gleaned from comparing
static images of multiple realizations, but developing an implicit understanding
of the changes between each image can be quite time consuming. Researchers
may benefit from animation’s ability to dynamically depict the range of
uncertainty inherent in their data; they may spot relationships in the data,
identify errors in their assumptions, or consider new directions for research
(Fisher, 1993a; Davis & Keller, 1997a; Evans, 1997; Dorling & Openshaw,
1992). The particular animation method employed may affect how the viewer

perceives the data and the relationships between variables.



Another role for animation demonstrated by Ehlschlaeger et al. (1997) is
the generation of additional information about the uncertainty of data in the
interpolations between realizations. The process employed creates a very large
number of statistically valid dependent realizations. Animating these images
provides a natural way to view this massive influx of data in a time-effective
manner (Dorling, 1992). Figure 1.7 illustrates the timeline of an animation
containing many realizations. The dark line represents the flow of the
animation, with horizontal lines signifying when the animation is presenting that
particular realization. While the animation is between realizations, it is
presenting an interpolation of the two realizations. The interpolation between
realizations provide temporal autocorrelation from the earlier independent

realization to the later realization.
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The non-linear interpolation algorithm by Ehlschlaeger et al. (1997) was
devised to make the interpolations statistically valid representions of spatial data
uncertainty. The non-linear interpolation algorithm will often generate
interpolations of realizations with results dissimilar to the realizations on either
side of the interpolation. For example, in the corridor analysis study, two
realizations with corridors traversing one mountain pass have several
interpolations where the corridor traverses a different mountain pass. The new

dissimilar interpolation results from the complexity of the spatial data and its




interaction with the algorithm. This additional information creates an
understanding of complexity that exists with dependent realizations similar to

the independent realizations.

This literature review includes relevant research material relating to
representing application uncertainty as well as providing a historical perspective
of error and uncertainty research. The following section describes this

dissertation’s central concepts and goals.

Dissertation Overview

This dissertation’s goal is to establish a practical methodology allowing
decision makers to quantitatively describe spatial application uncertainty.
Understanding application uncertainty determines whether a combination of
data and process model will provide sufficiently accurate representations to
support the decision making process. While similar to Openshaw’s Monte Carlo
simulation (1989a), this dissertation’s procedure outline emphasizes application

uncertainty:
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1) Understand application.
1.a) Understand data requirements for application.
and

1.b) Understand policy goals and define policy implications of
results.

2) If application expects data of a higher quality than available for the
study area:

2.1) Develop spatial data uncertainty model.

2.2) Apply Monte Carlo simulation using the spatial data
uncertainty model to generate many realizations of application
results.

2.3) Interpret results.

2.3.a) Statistical distribution of muitiple application
results.

and/or

2.3.b) Develop visualization model to view possible
interpretations.

2.4) Apply sensitivity analysis to develop better spatial data
uncertainty model by collecting more or better data.

3) Account for application uncertainty by combining application
process uncertainty with spatial data uncertainty.

4) Determine whether policy questions are answerable given available
data and model.

This dissertation incorporates many of the ideas described in the
literature review. Namely, source maps should include methods for random field

generation included in the metadata. Random fields perturb probabilistic
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definitions of maps creating potential map realizations. Potential map
realizations provide inputs to geographic information system applications (or
any spatial heuristic) by repeatedly running Monte Carlo applications creating a
series of potential results. Finally, the data and application's validity is known by
analyzing the statistical representation of the potential results (Thapa & Bossler,

1992).

Although computationally expensive, this process is the only practical
way of including all forms of analytical heuristics available to map users
without explicitly declaring errors for each of these analytical heuristics. The
heuristic error's contribution to any analysis can only be fully understood by the
analysis developer. How the analysis developer manages application error is
beyond the scope of this dissertation. Hunter & Goodchild (1993) discuss many

of these issues.

This dissertation provides several enhancements to the process outlined
above. It adds the following: 1) An intuitive representation of parameters
describing data error’s spatial autocorrelative effects. 2) A distributive-
parametric approach to represent potential map uncertainty. 3) Explicit
procedures to represent both field-based continuous spatial data and field-based

multinominal data. And, 4) source code to implement these procedures in




GRASS, a public domain GIS.

The dissertation’s main addition to the Monte Carlo process is the
explicit and intuitive representation of error variables that generate random
fields (see Chapter Two, Random Fields). Random fields are defined by the
types of errors which contribute to the total error of the map. Each measured
error is classified by its magnitude, spatial dependence, as well as the
uncertainty of error magnitude. Correlograms are one method to help define
spatial dependence and spatial distribution. While variograms are popular in
conditional simulation applications (Cressie, 1993), correlograms provide
advantages for modeling spatial uncertainty, normally a stochastic simulation
application (Griffith, 1993). The dissertation uses a weighted least-squares
estimator to fit random field correlograms with various random field parameters
to correlograms of measured error (see Outcalt et al., 1994 for a similar
procedure). After evaluating enough different sets of random field parameters to
develop a good fit, spatial data errors can be classified. Stored as meta-data, this
collection of classified errors can be passed to functions developed for this
dissertation, automatically generating potential realities for the Monte Carlo

simulation (see Chapter Three, Stochastic Simulation).

There is no explicit method to measure the magnitudes of all different
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errors at a specific location for most types of data (e.g.. digital terrain models,
classified remotely sensed images, ground surveys). However, defining what
causes all types of error is not necessary to generate potential realities. From an
application’s perspective, a representation of the difference between desired
application inputs and the data that is available for the study area is all that is
necessary. The data used to develop the application model is ideal to develop
the generalization model between application quality data and generally

available data.

A cartographer or remote sensor could probably qualify many of the
types of errors going into the creation of maps, and possibility quantify some of
these errors. This qualification and quantification of error could be useful to
building better representations of the spatial data uncertainty model, as well as
designing better tools to construct maps. This approach could be described at a
bottom/up approach for describing error. However, unless ALL errors can be
accurately quantified, the spatial data uncertainty model will require a
description of the generalization between higher and lower quality data. A

generalization model can be described as a top/down approach.

The generalization model used by this dissertation assumes it 1S

impossible to fully understand the uncertainty of data, requiring an estimation of
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the uncertainty. The random field methodology used here develops error
magnitude statistics by randomly generating sets of spatially independent points.
The mean and variance of each set is determined. Each random field is a
realization of mean and variance of the conditional cumulative distribution
function. This dissertation describes this process as a distributive-parameter
stochastic simulation approach. The phrase “distributive-parameter” indicates
the parameters defining the random fields differ between different realizations,

allowing the full range of potential realizations.

The goal is to represent uncertainty to provide a comprehensive
description of the potential results of goal applications. [f a generalization
model is unable to fully represent the uncertainty, a more precise generalization
model needs to be developed. For example, the optimal route case study in
Chapter Five demonstrates that the generalization model for the la-w 3 arc-
second DEM may not be precise enough to describe the effects of spatial data
uncertainty on all optimal route applications. A more precise generalization
model, using a better understanding of the DEM, would be needed if it was

impossible to use better data.

Defining what is a “reasonable approximation of reality” is at the core of

this research. The overall goal is to create a useful model of the uncertainty of
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spatial data. The usefulness of an uncertainty model depends on the resulting
distribution of a goal application. If the resulting distribution is an accurate
representation of potential application results, decision makers will be able
understand the risks of using uncertain spatial data. Chapters Five and Seven
apply distributive-parametric stochastic simulation to field-based continuous

and field-based multinominal maps and develop distributions of applications

appropriate for the data. The resulting uncertainty distributions give a clear idea

of how useful lower quality data is for those applications. Chapter Eight
discusses stochastic simulation and modeling issues not appropriate to earlier
chapters. Chapter Eight also proposes future directions of research that are
lacking in this dissertation. Finally, due to the limited (and limiting) software
available for this type of research (Levine, 1996), the extensive software
required to implement this dissertation’s research is available on the included

floppy disk.
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Chapter Two, Random Fields

“If [ can't picture it, | can’t understand it” — Albert Einstein

This chapter will discuss random fields and how they can be made for
various types of map uncertainty. It will start with a description of random
fields, and include a mathematical description of the random field generator
developed for this dissertation. Then, it discusses advantages of the random
field mode! developed for this dissertation. Finally, the chapter discusses ways
for random fields to represent different types of map uncertainty, both

continuous surface and categorical coverage maps.

For the purpose of representing spatially dependent uncertainty, random
fields can only estimate uncertainty magnitude’s variance and spatial variability.
This dissertation assumes that it is impossible to know the actual variance and
spatial variability of data uncertainty. The case studies use samples of
application quality data compared to lower quality data to determine uncertainty

magnitude variance and spatial variability. For example, the optimal route

44




application used six 7.5' DEMs from the USGS as application quality data to
determine uncertainty magnitude and spatial variability of a 3 arc second DEM
from the Defense Mapping Agency. The 3" DEM is of a lower quality for two
reasons: The resolution is much coarser than 7.5' DEMs, and the 3" DEM is
missing smaller ridges and valleys available in the 7.5' DEM. Even though there
were thousands of sample points from the six DEMs, only about 70-90 of these
points are fully independent of each other. It would require much more data than
is typically found in a GIS database to acquire enough information to determine

a map error’s variance definitively.

As a result, distributive-parametric methods were developed for
generating realizations of spatial data. These distributive-parametric methods
are discussed in the next chapter and case studies are shown in Chapters Four
and Five. A good random field generator will provide a flexible mechanism to
represent many potential random fields while remaining simple to understand
and use. This dissertation’s random field function generates fields containing
cells with a normal distribution (mean of 0.0 and variance of 1.0). The random
field function derives its spatial dependence by the use of a filter function
summing together independent gaussian random deviates with a normal

distribution. The filter function takes advantage of the central limit theorem's
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property (Batschelet, 1979) that summed distributions tend to form normal

distributions. The filter function takes the form:

o(€) = ‘Z o;, ece (2.1)

where o(€) is the standard deviation of the summation of a set of
independent gaussian distributions (with a theoretical mean of 0.0 and variance
of 1.0), and o, is the standard deviation from one gaussian distribution. When
the filter function is given normal gaussian distributions as the function’s inputs,
any resulting gaussian distributions will have normal distributions (mean of 0.0,
variance of 1.0). Equation (2.1) ensures a dependent random deviate within a
random field has a theoretical mean of 0.0 and variance of 1.0. However,
individual distributions have any potential mean and variance. A realization’s
distribution should have the property of any potential mean and variance
considering that individual realization’s cells might be so dependent on each
other to provide too few degrees of freedom in order to generate a normal
distribution. The central limit theorem can be proven given the normal

distribution function is defined by:
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Using the central limit theorem, it is possible to generate random fields
with the same characteristics. The following equation is used to generate

random fields:

u.v
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where Z(U) is a random field for the coordinate vector U, w,,is the
spatial autocorrelative effect between points u and v, g, is an independent
Gaussian random deviate with a mean of zero and variance of one, d,, is the
distance between points « and v, D is the maximum distance of spatial

dependence, £ is the distance decay exponent, £ is the radius around u that is

given full weight,
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Figure 2.1, Filter function parameters.

and V is the coordinate vector of independent Gaussian random deviate

points within D distance of U. In this field-based spatial data uncertainty model,
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U is a regular rectangular grid of points covering the study area. V is a regular

grid with beveled corners extending distance D all directions away from U.

Figure 2.2, Spatial representation of Uand V.

While all the examples in this dissertation use a rectangular raster. any
regularized grid (hexagonal. triangular tesselladron) will work with these
methods. This lavout maintains homogenous spatial variability at the edges and
center of U. Griffith (1980, 1987) discusses the issue of homogenous spatial
variability and other implementation problems of earlier random field research.
Developing random fields for a non-regular surface, Z(N). such as a triangulated
irregular network with equation 2.3 may be accomplished in one of two

methods:
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1) Setting U=V =N, or

2) generating a regular grid covering N.

In method (2), Z(N) is then determined by interpolating individual n’s ( n
¢ N) with nearby «’s (Goodchild et al., 1995). For method (1), it is possible to
use equation 2.3 with U=V=N, although there are two negative consequences. A
minor consequence is a possible increase of computation load by requiring
calculation of both the numerator and denominator for each n (a regular gnd
only requires the denominator calculated once). A more serious consequence of
allowing V = U (with or without U = N) is that filter-defined random fields (or
spatial autoregressive random fields from equation 2.5) will have unintended
heteroskedastic edge effects. When V = U, spatial autocorrelation will decrease
for u cells with relatively fewer nearby u neighbors. For a comprehensive
discussion of edge effects, see Griffith (1983). Equation 2.3 is implemented in

GRASS’s r.random.surfuce program (Ehlschlaeger & Goodchild, 1994a).

Conceptually, Z(U) is a filter function where the vector V is multiplied
by the filter w,,. Thus, Z(U) has time complexity of the order O (n( U)y* 4),

where n(U) is the number of cells in U and A is the number of cells of the filter

function:
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Time complexity is measured as a function of the number of data inputs
(Evans & Minieka, 1992). Any function requiring O(r?) time complexity or
greater will not be useful for many geographic applications. Other random field
functions, such as the spatially autoregressive process in equation 2.5, do not

perform well for typical geographic spatial data uncertainty models.

X = pWX+€ (25)

Equation 2.5 requires the inversion of matrix X with a size of the number
of data points squared, at least O(r?). Heuvelink (1990) reduced this problem to
an iterative process requiring as many iterations as the spatial dependence
determined by p plus additional iterations until the function stabilizes, virtually
guaranteeing longer execution time than equation 2.3. Comparing the two
functions, it took less time to generate 250 random fields representing 3 arc
second DEM uncertainty with the spatial dependence necessary for the
continuous surface applications in Chapter Four using equation 2.3 than to

generate one random field with a shorter spatial dependence using equation 25
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on the same computer. There are other methods of constructing spatially
autocorrelated random fields discussed in geographic literature: Algorithm 9 and
fractal surfaces. Goodchild’s (1990) Algorithm 9 generates a random field by
taking a field of independent random values and iteratively swapping two cells
whenever the new random field’s Moran's / statistic would move closer to the
goal Moran's / (Moran’s / (CIliff & Ord, 1973) is a local neighbor continuity
measure which provides a limited view of spatial autocorrelation). Fractal
surfaces (Goodchild, 1980; Mandelbrot, 1982; Polidor et al.. 1991) are defined
bv fractal brownian motion using two parameters: a vertical scaling factor and a
surface complexity factor. Fast Fourier transform (FFT) methods are probably
the most promising tools for generating fast random fields (Cressie, 1993). FFT
allow many parameters to define the random field model while providing fast

random field construction.

Random fields must be calibrated to the spatial continuity of the field
being simulated. Moran’s / only measures the spatial continuity of adjacent
cells. A more complete way of measuring spatial continuity is to compare pairs
of points within a field at preselected distances. [saaks and Srivastava ( 1989)
use A-scatterplots to visually demonstrate all possible pairs of data values at a

particular distance, A.
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Figure 2.3, Example h-scatterplot

The correlation of point pairs at various distances is measuring that

distance"s continuity. While not able to capture all of the information contained

in a h-scatterplot, three common functions quantify 4-scatterplots: correlation

function, p(4) (also known as correlogram), covariance function, C(4), and

moment of inertia, y(4) (also known as semi-variogram). Individual points on

variograms are defined by correlation between sample pairs of locations at each

lag (distance between the pair of sample points).
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Various forms of variograms are traditionally used to describe spatial statistics
using semi-variograms in conditional simulation (see Brivio et al., 1993 fora
case study) and correlograms in unconditional simulation (Cressie, 1993). The
following illustration shows a three arc second DEM’s error field (using 7.5'

DEM as “truth™) and the correlogram and semi-variogram of that field:
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Figure 2.4, Error Field w/ correlogram and variogram.

There are model-centric reasons to use equation 2.3 to represent spatial
data uncertainty. Since the goal of this research is to provide methods for spatial
application uncertainty, the correlogram function is the appropriate spatial
continuity function to use. The shorter lags in the correlogram describe short
distance variability to similar random field values while the longer lags describe
the potential distribution of larger groups of similar random field values.

Equation 2.5, algorithm 9, and fractal surfaces only allow one parameter to
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define both large and small scale variability. Equation 2.3’s D and £ parameters
define longer distance variability while the /- parameter defines short distance

variability.

1.0
F
0.5
E
0.0
D

Figure 2.5, Correlogram showing influence of
equation 2.3’s random field parameters.

There are two common methods to fit correlogram (or variogram)
curves: visually and by using a weighted least squares estimator (Cressie, 1985).
The direct relationship between correlogram shape and equation 2.3°s
parameters allows easy visual fitting between the goal correlogram and
correlograms from random fields generated with equation 2.3. The relationship

is shown in Figure 2.5. GRASS’s r.| Dcorrelogram (Ehlschlaeger, 1996) was
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used to develop all correlograms in this dissertation. Using a weighted least
squares estimator (provided by GRASS’s lags.difference ( Ehischlaeger, 1996b)),
the solution space for the two main parameters, D and £, is valley shaped. The
“basic” least squared estimator provides a simple measure of similarity between

two vectors of information:
Lse=Y (c), - ch),) (2.10)

where C(hy, is the correlogram which is desired, and C'(h),is the
correlogram from a particular set of random field parameters. This basic
algorithm can be modified in order to provide the best fit for a particular

geographic application by weighting lag distances with:

LSE =w,Y, ((.‘(hd)x - ("(hd)f)- W,y (dhb)g - ((h,,)f)',hd < H, < hy< H, (2.11)
, ;

iy

where w, - w, is the weight of distance lags within distance H,, and w, 1S
the weight of distance lags beyond £, and within . Multiple weights within
the least squares estimator allow the least squares estimation process to

determine the quality of a fit to a particular application.
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Figure 2.6, Least squares fit of the random field variable’s D and £.

Once the general shape of the correlogram is fitted with approximate

values of D and E, the random field model can be fine tuned by adjusting F.
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While fractal surfaces and spatial auto-regressive functions only have one
parameter to fit, the slightly more complicated process of fitting equation 2.3's
parameters is balanced by the ability to better fine-tune the fitting process.
There is no guarantee that realizations of random fields built using equation 2.3
and fitted parameters will have the same correlogram as the sample
correlogram. [n fact, unless the random field is spatially many times larger than
the spatial dependence of the goal shapes, its likely the generated random field

correlogram will vary from the goal correlogram.
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The mathematical properties of equation 2.3 provide additional fitting
strategies. The gaussian distribution allows adding together weighted random

fields while retaining relative spatial statistics using the following equation:

, 1 -
Zg( ) =COS(T[‘5)Z/((I) +s|n(n5)Zc(w, 0.0</<1.0 (2.12)

where Z (V) is a random field with correlogram lags interpolated
between random fields” Z(U) and Z{U) correlogram lags. Equation 2.12
implies that if the goal random field’s correlogram is in between two model
random fields’ correlograms, the goal random field correlogram can be defined
by generating both model random fields, applying 2.12 to better approximate the
goal. The most obvious benefit to this procedure occurs when generating goal
random fields with large spatial dependence while also describing fine textured
variability (a common problem when defining multinominal maps: see Chapter

Six).
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Figure 2.7, Interpolating random fields to fit goal correlogram.

Building a single random field with both characteristics would result in a
computationally expensive algorithm, because fine textured variability would
require small raster cell sizes. Larger spatial dependence, on the other hand,

requires larger raster cell sizes to be run quickly.
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Figure 2.8, Random field with fine textured vanability, Z(U)




Figure 2.9, Random field with large distance spatial dependence, Z(U)




Figure 2.10, Goal random field, Z,(U), from Z{(U) and Z(U)

The longer spatial dependencies can be overestimated using a random
field Z(U) with a cell resolution coarser than the goal random field. The larger
celled random field will not have the large scale spatial varability desired, but
will be generated (c g/’ times faster where c is the coarse random field’s cell

resolution and g is the goal random field’s cell resolution.

After the coarse cell resolution random field is designed, a fine cell
resolution random field Z{U) can be developed with the same cell resolution as

the goal random field. Using Figure 2.7 for reference, the following equation

64




interpolates between the fine resolution random field and the coarse resolution

random field:

th . Th
ZU) =cos(—2;)ZC(U) + sm(?a-)Z,(U) (2.13)

where Z(U) is the goal resolution random field (example shown in
Figure 2.10), Z(U) is the coarse resolution random field (example shown in
Figure 2.9), Z{U) is the fine resolution random field (example shown in Figure
2.8), a is the correlation of the coarse resolution random field at lag distance D,
and b is the correlation of the goal correlogram at lag distance Dy Implementing
this technique will require additional time developing the random field model,
but will allow realizations of the random field model to be generated much

faster. See Chapter Six for an implementation of this procedure.

Describing field-based continuous map uncertainty

Continuous surfaces represent a two dimensional field of a variable,
Z(x,v). A raster GIS stores continuous fields as a grid of values. The simplest

uncertainty technique involves adding random field(s) with the statistics of the
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(Ehlschlaeger & Goodchild, 1994a). A more appropriate method involves
adding random field(s) to a ~mean” surface of possible elevation values
(Ehischlaeger & Shortridge, 1996: Ehlschlaeger et al.. 1997). In both cases, the
random fields will have the similar potential magnitudes and spatial statistics as
measured errors between the continuous map and information from a higher
accuracy source. Chapter Four describes an implementation of a field-based
continuous map uncertainty model and Chapter Six provides several case

studies implementing this procedure.

Describing field-based multinominal uncertainty

Field-based multinominal maps. also known as category coverage maps
or area class maps, are usually regularized gnds in raster GIS where cell values
represent unique classes of information (e.g.. land cover and soil maps). A
probabilistic multinominal map can be defined as a set of maps, one map for
each class, where each class map’s cell represents the probability that the class
is in that cell (Goodchild et al., 1992). Edges between classes are represented by

transition zones appropriate to the muiti-nominal map’s locational uncertainty.
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Spatially autocorrelated potential realization(s) of a binary map can be

generated by comparing random field(s) containing values between 0.0 and 1.0

to that class’s probability map to determine whether the class belongs in each

cell. Multinominal maps have this technique applied sequentially to each class

(Ehlschlaeger & Goodchild, 1994b) with the following equation:

p)-p(U)~.-p (U) = 1.0

c (D) = 1 (D) sp(0)
0 : otherwise
r _ (b’)
l: -'/(U)s p}[
.-
ot = L= p(O) .J=2.n-1
t-1
| 0 : otherwise
C el =1
/-1
MU = <CI : ‘Xl:c,(Lr) =0, cl(L’) =1
n-l
C,: Y. c(l) =0
=1

(2.14)

where M(U) is a realization of a multinominal map, p,(U) through p (1)

is a set of class probability maps, and =,(U) through =, (U) are uniformly

distributed random fields for each class, except the final class which is

represented by “left over™ cells. Random field models are fit by replicating the
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