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Abstract

This papet discusses components of a research project where several types of incompatible spatial data
uncertainties are modelled and propagated through acompleéx GIS-based analytical routine [10Y. The procedure
utilizes twomodelling methods: fuzzy logic for spatial uncertainty data, and Monte Carlo simulation for spatial/
non-spatial variance information, The paper feports on uncertainty tracking, commencing with the transition
of the spatial data from source paper maps and field reports, through analysis and modelling, to cartographic
output required to visualize the uncertainty dimensions. As holds true for traditional cartography, the
presentation of information about uncertainty is key to utility, The research [10] and the presentation utilize a
vatiety of proven choropleth technigues in concert with animation capabilities of modern workstations to
summarize the uncertainty modelled, This paper focuses on the visualization problem; however, the results
canniot be fully presented due to the limitations of a static, monochirorhe medium. .

This paper concludes by arguing that we should abandon some of our traditional techniques of data storage and
presentation by moving to data structures and visvalization tools that reflectamore accurate version of inherent
and introduced uncertainties in cartographic data.

1 Introduction

Geographic Information Systems (GIS) increasingly can be found on the desks of public utility planners, natural
resource scientists, and almost anyone else concerned with spatially referenced data. Perhaps the best
applications to date have been with the former, for utility management focuses on straight lines and
unambiguous locations. Detailed coordinates and precise analytical and modelling routines supported by GIS

- caterto autility manager’s desire to see the world in black-and-white. Unfortunately, the same black-and-white
routines and data structures are also applied in the natural resource sector, ‘where entities in question nught be
better represented by shades of gray.

This dichotomy in natural resource applications betweenimprecise reahty andits precnse digitalrepresentation -
has givenrise to a rapidly growing research area in which spatial data experts grapple with the implications of
uncertainty and error analysis. As this field has developed, researchers have fanned out across a broad front:
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advancing error analysis (e.g., {8, 91), locational and feature uncertainty analysis {6}, error propagation methods
[18], the visualization of uncertainty [3}, and numeroys others,

One particularly difficult problem in this field involves addressing the various fypes of error that exist.
Positional error can be represented by an error ellipse (2D) or sphere (3D). However, thematic variables can
have many other uncertainty aspects, including:

uncertainty regarding classification;

uncertainty regarding classification divisions;

inherent uncertainty (regarding the resource itself and data gathering techniques);
model uncertainty (when combining thematic variables);

uncertainty that varies spatially (e.g. between polygons); and

error ‘envelopes’ around non-classified items (e.g. elevation).

¢ o & » o o

‘When spatial data are combined in a GIS, a common data fonnat is required. Dealing with many types of
uncertainty and error will also require some type of common denominator. All of the above, with the exception
of the final item, can be manipulated in a common fornat using fuzzy set theory (e.g. [5, 20, 23]). The partial
memberships allowed in fuzzy set theory are particularly well-suited to representing uncertainty in resource
data. For example, a fuzzy index of 0.75 at a particular (x,y) location may indicate that the data gathering
techniques do not allow absolute certainty regarding the forest type; or, altemnately, that the forest at that site
demonstrates most of the characteristics of “mature forest” but some of “immature forest™.

However, numerical estimates of error (e.g. elevation = 225m +5m) cannot be incorporated into a fuzzy-based
system. In concept they differ substantially from uncertainty information. This difference demands that errors
and uncertainties receive separate processing in an integrated analysis,

The research reporied in this paper utilizes the concept of spatially variable uncertainty in the form of “fuzzy
surfaces” to model the uncertainties in a GIS-based analysis of slope stability. Error elements in the analysis
are modelled separately using Monte Carlo simulation. Data from a forested coastal site are utilized to test the
uncertainty/error modelling routine. The primary focus of the paper is on the visualization methods required
to bring together these uncertainties and errors. This visualization is an attempt to effectively communicate the
model's results and their actual utility in Light of built-in uncertainty and error.

One important issue raised in this work is the need to address the spatial variability in the uncertainty model.
The wide variety of potential errors and uncertainties involved with almost any natural resource data set
precludes the use of simple non*spatial meta-data. The recognition of the need for meta-data found in recent
initiatives such as the U.S. Spatial Data Transfer Standard should be Jauded. However, methods such as these
thatsimply append ameta-data index to each existing polygon (or toeachmap sheet) ignore the potential spatial
variability of uncertainty. In the context of both exploratory spatial data analysis (ESDA) and spatial decision
support systems (SDSS), the concept of homogenous objects (i.e. standard polygons) with homogenous
attributes is increasingly difficult to defend. Intelligent manipulation at a variety of scales requires knowledge
regarding the compiex spatially-variable interactions between these objects. Some, such as clear-cut/forest
boundaries, have little added uncertainty. Others, such as soil polygons, may have complex, multi-leveled
interaction — increasing uncertainty significantly in specific areas. Due to this high degree of complexity, the
model presented here will utilize a surficial, rather than object-oriented structure to address this key element
of uncertainty.
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2 Techniques

A slope stability scenario was chosen to demonstrate this spatially-variable error/uncertainty model, This
highly typical type of analysis utilizes data from a variety of sources, each of which demonstrates one or more
of the uncertainties listed above. Slope stability analysis depends significantly apon soil data— typically stored
as polygons. Deriving the uncertainties while converting such polygons to uncertainty surfaces will serve to
demonstrate techniques of manipulating spatially-variable uncertainty, The wide variety of uncertainty data
will also allow the exploration of a diverse set of visualization techniques.

The infinite slope stability model is utilized to calculate a factor of safety for potential soil slippage. Predicting
slope stability is particularly important on Canada's West Coast, as seasonal peaks in precipitation can often
causemass movement, inflicting damage on buildings or roads located down-slope. The infinite slope stability
model requires soil type, slope, and forest cover 4s source data. From these, values are derived for the model
inputs of root depth, soil cohesion, slope, and several other minor ltems ‘The uncertainties and etrors in these
data sources may be classified as follows:

1) uncertainty ‘regarding soil or forest type classification (e.g., soil classed type A, might be B);
2) uncertainty regarding.data gathering (e.g., 10% of polygons misclassified);

3) spatial uncertainties (e.g., the uncertainty of item 1 increases near polygon boundaries);

4) etror envelopes around derived items (¢.g., cohesion of soil type A = Y #x); and

5). error envelopes around elevation values.

Information regarding the first two uncertainties was gathered from discussions with soil scientists that had
personal experience in the study area. Ideally, such information should come from the initial survey or a
physical re-sampling of polygon boundaries. However, the Semantic Import Model [26] used to quantify this
information is argued to act as a reasonable substitute. In the Semantic Import Model, phrases such as ‘close
to’ or ‘neatly’ are translated into fuzzy classifiers (see [5}).

Information regarding the third item, spatial uncertainties, was also gathered from expert opinion via Semantic
Import and was operationalized using the following ‘corridor of transition’ algorithm.

A central ridge is defined in each source polygon that is located as far from abouridary as possible withoutbeing
closer to another boundary: a ‘max-min ridge’. The slope of the uncertainty values at the polygon/polygon
interface is constrained by the two polygon types as well as the effective size of each polygon, determined from
the shortest distance to a ‘max-minridge’, This ‘corridor or transition” model acts asarefinement of theepsxlon )
boundary model [4, 7, 25] as well as of Matk and Csillag’s {22} parametric function model. :

Upon completion of this algorithm, each of the possible soil classifications is assignedan uncertamiy surface’
which defines the likelihood of finding that particular type at a given (x,y) location. A smular pmoedure is
performed for the forest coverage.

The fourth and fifth items in the list, the efror énvelopes, were gathered fmm both literature reviews (in the case
of soil attributes) and published error values (in the case of élevation dta). Given thateach of these exror térms
are distributed normaily (or in some cases log-normally) about the mean, a Monte Carlo simulafion is utilized
to determine theé output of the slope stability equation. Values are chosen randomly from within the error
distribution and assigned to the equation. The randomization procedmexstepeatedasufﬁcxemnumbetofumes
to determine the mean and standard devidtion of the outputs (in this case 50 runs was chosen as a conservative
figure; see [24] for a discussion). As avariety of soil and forest types are possible at any given location, the
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entire Monte Carlo procedure is repeated for every possible combination, excluding those highly unlikely (e.g.
bedrock with mature forest).

The uncertaintics accompanying each surface are combined with a ‘fuzzy AND’, also known as a ‘joint
membership function’ [6]; in this case a MIN function suffices to produce the output uncertainty surface, In
the end, three sutfaces are required to describe each combination of forest/soil possibilities: mean, standard
deviation, and uncertainty. The large number of resulting surfaces serve to maintain maXimum information
content for the exploratory visualization to follow.

3  Case Study

An 8500 hectare study site was selected. The area is located on Louise Island, on the east side of Moresby Island
in the Queen Charlotte Group, British Columbia, Canada, at 53°N, 132°E (see Figure 1). The area is a forest
company test site, and was selected for: 1) the availability of data, and 2) the existence of prior slope stability
studies for comparison. -

Several examples of the fuzzy surface resulting from the transition corridor ajgorithm applied to the case study
data are illustrated in Figure 2. Note the asymmetric slopes on the boundary between two thematically similar,
yet differently sized polygons in Figure 2a. Figure 2b details a bedrock/soil boundary.

The ‘non-spatial’ items were gathered from an extensive literature review undertaken by the US Forest Service
Intermountain Rescarch Station [17] while developing their slope stability modelling system. Soil types found
in the Louise Island stady site were matched with the classification system used by the USFS, and means and
standard deviations of the relevant data were calculated. The USFS study found that, for the most part, the values
for each variable are normally distributed, with the exceptions of soil cohesion and root cobesion which are log-
normal.

Elevation data consisting of a semi-regular grid of elevation spot heights (British Columbia TRIM data; [28])
produced from stereo-photogrammetry were utilized, Block kriging was used to interpolate from these points
toaregular grid, Kriging was chosenas the interpolation method for tworeasons: its highaccuracy and an ability
to produce variance maps of the derived values. The published error values were combined with the variance
for each data point to produce a final variance value for each interpolated cell.

The Monte Carlo randomization was repeated 50 times for each forest/soil combination, then summarized in
three final surfaces: mean, standard deviation and uncertainty, describing alog-normalresultcurve. A final tally
of 60 surfaces were produced by the procedure.

4 Results

The results of any new data manipulation procedure or model are typically assessed via comparisons with
existing techniques, with a focus on the new model’s accuracy in predicting phenomena. Unfortunately,
increased accuracy is precisely what the techniques of this study attempt to avoid; accurately representing real-
world phenomena requires an jncrease in uncertainty. Most authors dealing with the uncertainty issue have also
faced this conceptual road-block. Although they deal with itin a variety of ways, most maintain that the methods
they advocate create maps arguably closer to ground truth than the original Boolean versions {6, 13, 21). This
argument is supported by us, with the stipulation that some method must be developed to compare the various
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ﬁgure 1: Louise Island Study Area Figure 2: Examples of the boundary
model

realizations of uncertainty that research in this area will generate. Fornow, anunderstanding of the results must
focus on the visualization problem, :

The visualization of uncertainty information is a substantial research topic in the geographical literature. As
every application of GIS software has different tequirements, so too must the visualization question ‘be
approached on a broad front. A gathering of specialists at a 1991 NCGIA conference on quality visualization
[3] produced a telling discussion under the “resesrch agenda” question. A major point of emphasis was the
importance of interactive data exploration as opposed to quality representation for hypothesis testing. Therange
of disciplines represented led to numerous discrepant views about the nature of an eiror model and hence the
nature of summary displays. One of the only points of agreement was the need to explore, compile examples,
mmmmmqummhmmwmmsmﬁalmmawamm
interpreted.
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The major problem encountered in adding uncertainty information to a visual swnmary is overload -— users
are not accustomed to dealing with variables that vary in value or certainty. Standard monochrome two-
dimensional mapping techniques are not well-suited to incorporating these added dimensions in visual
communication. Newer technologies offer several alternatives, such as:

* " continuous spatial transition using colour or hue graduations;

* time dependence — animating displays;

« three dimensions — simulating 3-D objects; or

* multi-media — using sound, images and text simultaneously [3}.

The raster data structure and continuously variable surfaces in this study eliminate one other commonly stated
solution: errar graphs. Such a graph might be generated for a particular pixel being queried. However, in our
case the entire image is of importance in a summary display.

Fisher [11] uses animation to display the variability in soil maps - the image shifts in real ime to show where
variability occurs. Others have made use of sound [27] or other dynamic phenomena to display variability. This
study will primarily utilize map comparisons, using the assumption that more than four variables (X,Y,Z and
theme) in a 2-D display can be confusing for the viewer. Animation offers the opportunity of adding a fifth
variable, as does the inclusion of contoured information overlays. All of the above are utilized in the full study
(see [10)) and appear in the presentation; only a limited monochrome subset appear in this discussion.

4.1 Comparison with a Boolean Model

Direct comparison’with a Boolean model requires the fuizy results to be fixed, or “de-fuzzed™, with some
particular threshold value, There are several methods available; however the most appropriate in this sitwation
might be utilizing a maximum-likelihood index of all potential representation of each pixel.

Amaximum likelihood map utilizes the highest of the fuzzy joint-membership values and gathers the associated
mean siope stability value. The resulting surface shows the most likely model results for every pixel on the map
(Figure 3). This is the type of approach used by most non-spatial studies, including Burrough {5} and Fisher
[11, 12]. The differences between this type of summary and the Boolean model are highlighted in Figure 4. The
maximum-likelihood (M-L) summary map generally displays safer results on slopes while considering the
plains more dangerous {probably due to minor variations in the DEM on the plain). However, since this type
of summary ignores all variance information, direct comparison with the Boolean model can be misieading.
The M-L map gives, the appearance of “safer’’ than the Boolean version in areas of high variance.

The key element of a slope stability study in a “working forest” is the identification of the potentially most
unstable zones. An M-L map only focuses on the most likely stability values. However, such a map does not
make use of some of the potential of the uncertainty model. Any M-L map ignores the fact that there may be
results, almost as likely, that describe more dangerous conditions, For example, a particular pixel might receive
a value of 1.0 at a certainty of 0.85 when utilizing soil type 3; however, a value of 0.2 (considerably more
dangerous) ata certainty of 0.8 (slightly less likely) might appear with soil type4. Thisis one of the most lauded
utilities of a fuzzy analysis: the ability to retain information that almost, but not quite, fits into a specified class.

The fuzzy overlay maps were examined for any values above a thresbold (arbitrarily set at 0.6). 1f a particular
cellhad multiple realizations above this threshold, only the lowest factor of safety was retained. The resulting
‘worst-case scenario’ map is displayed in Figure 5. The blank areas indicate certainty factors below the 0.6
threshold (i.e., areas 100 uncertain to trust the model’s results). These results confinm those reported by
Goodchild et al, [15] in a vegetation map accuracy study; the ervors tended to occur mose frequently near
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Figure 4: Maximum likclihood - Boofean

Figure 3: Maximum likelihood factor of safety

1.4

64

Figure 5: Worst case sceniario Figure 6: Standard deviation of maximum likelihood
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polygon boundaries.

This summary comparison only scratches the surface of the uncertainty model’s potential. Unfortunately,
humans have a limited ability to perceive multiple criteria simultaneously, The data displays are even more
limited: a two-dimensional colour representation can only present a maximum of two or three spatially
referenced variables simultaneously with any chance of comprehension.

4.2 Model Variance

The log-normally distributed variability in the model's output is summarized with a standard deviation (SD)
surface (Figure 6). In ordertostandardize all output as normally distributed, the log of the original valueis stored
in the map. The theming in Figure 6 demonstrates that the widest variability is found in the areas with the least
slope; smaller SDs occur on the steeper sections, However, a closer examination of the SD themed surface
reveals that the areas with the larger SDs are also very spotty — a great deal of local pixel-to-pixel variation
is observed. This variation can be seen to be occurring in all of the source maps for the maximum likelihood
surnmary. However, pixel-by-pixel, the sources also vary widely between the different realizations. This
implies that the minor slope variations on gentle terrain may influence the model significantly. Such an
observation supports a slope stability equation sensitivity study [17] in which slope had the greatest influence
overoutput. Onasteep slope suchas 50°, a 5° variation introduced by perturbing the DEM does not significantly
affect the model, On arelative flat plain, however, this 5° perturbation appears to significantly widen the model
output variance,

An animated display increases the amount of comprehensible information that can be presented to the viewer;
time becomes a new variable in the visual summary, Variance values are particularly suited to this time-variant
method of presentation. A perspective animation using stability numbers modified by standard deviation gives
instant feedback as to the type of surface containing greater or lesser uncertainty. Such an animation was
produced to display the model's variance.

Exploratory data analysis reveals several interesting data correlations. When the 10% most unsafe areas under
the maximum likelihood scenario are overlaid with the- 10% widest standard deviations, the results only
intersectin 0.04% of their area. When the former is combined with the 10% narrowest SDs, over 50% intersect.
This indicates that, generally, one can be most sure of the model's predictions in unsafe areas. %

The same test applied to the 10% safest areas demonstrate that, in general, the safest areas have the widest
standard deviations (23% coincide). The exceptions — areas that show safe zones with narrow SDs —
correspond to bedrock outcrops,

5 Discussion and Conclusions

Natural resource inventory methods are commonly mired in the paper mapera, Considerable information is lost
in the translation from field data/field experts to analytical data structures. Generally, the restrictions that
required such data reduction techniques are no longer in force given current digital capabilities and should,
therefore, be eliminated. Altman {1], among others, points out that the traditional conversion to ‘bard’ data
occurs far too early in the modelling process. Retaining amaximum amount of data through the entire analytical
process gives analysts flexibility and new windows on data elements such as uncertainty and error. This stady
indicates one potential method whereby tetention of this information could be put to good use, The techniques
of exploratory spatial data analysis [19] could yield many other uses for these data.
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Boolean maps are simple, clear representations of idealized data structures in which boundaries are sharp and
valties exact to the nth decimal place. However, adopting the view that our perceptions and knowledge of the
world are fraught with uncertainty devalues such simplistic representations. The fuzzy approach allows real-
world uncertainty and the innate variability of natural phenomeéna to be represented. By its very nature, such
amodel is considerably more difficult to interpret than conventional results; yet the possibilities for database
exploration that are opened up by the uncertainty model represent an entirely new spectrum of information,
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