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Abstract
This article introduces our research on the reliability of military terrain analysis results by
using a spatially dependent uncertainty model and stochastic simulation. Soil map is the
most important source data set in the analysis. Geologists have produced soil maps by
using manual evaluation procedures and no metadata are automatically included. On the
basis of the expert knowledge of geologists, a misclassification matrix can be created. A
spatial autoregressive stochastic process has been applied using probability information
derived from the misclassification matrix. A parameter that shows the level of the spatial
dependency is the crux of this method and we have analysed it as well as the other results
of the analysis by using manual evaluation procedure based on visualization. Our
uncertainty model is quite simple and in our future work we want to increase the use of
expert knowledge. It can occur basically in two ways: first by replacing the probability
information of the misclassification matrix by possibility knowledge derived from fuzzy soil
map probably supported by kriging and secondly by developing the use of the parameter of
spatial dependency to describe better different soil types.

INTRODUCTION

Background
The Finnish Defence Forces engineering decision-making system contains a basic terrain
analysis system, which, among other things, gives results about cross-country mobility.
Cross-country mobility analysis is an important tool for the defence forces when
possibilities to advance in terrain are studied, both for friendly and for enemy troops.

Mobility analysis uses various input data: classified soil polygon maps, slope information,
type of vegetation modeled as timber volume, snow and frost depth information. Soil map
is the most important input, and the other data sets are used for correcting the results
calculated from it. The result of the analysis is a classified cross-country mobility map with
seven classes ranging from impossibility to advance to possibility to advance at full speed
in the vehicle in question (Virrantaus, 2003).

Aim and contents of the research
The aim of the research was to analyze the reliability of the results of the analysis, which is
naturally dependent on the uncertainty of the source data sets. The major problem in this
kind of research seems to be the lacking information on the quality of the source data. In
the previous research (Ahlajärvi, 2002) source data uncertainties were analysed by using
non-spatial stochastic simulation and the expert knowledge about uncertainty described as a
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misclassification matrix. The disadvantages of only class-related uncertainty values were
realized and in order to improve the results it was decided to concentrate on the
development of spatially dependent uncertainty model.

The focus of our work is not only the method of modelling uncertainty, but also in the
question how the results of the uncertainty analysis interpreted by the users who typically
are not mathematicians but need answers to their questions about the risk in their decision-
making. In a military terrain analysis application the related decision is, whether “to go or
not to go”. In this article we concentrate on the questions of spatially dependent uncertainty
modelling method and briefly document some experiences on using visualization in
interpretation of the research results for the users.

MATERIALS AND METHODS

Modelling soil maps
Soil map data set is the primary source data set for the cross-country analysis application.
The other variables of the analysis model – vegetation, slope, the amount of snow and the
depth of frost – have an effect on the result in some circumstances. Timber volume
uncertainty information was received from another research (Katila and Tomppo, 2001).
Kriging variance was used for snow depth data (Virrantaus and Laine, 2003). Slope and
frost depth data were left out at this stage, because there was not sufficient uncertainty
information.

The only way to get information about uncertainty of the soil classification is to interview
the geologists who made the map. The misclassification matrix used in this research was
produced in our earlier work and published in the previous publications (Ahlajärvi, 2002;
Virrantaus, 2003). The well-known disadvantage of the misclassification matrix is that the
uncertainty values do not have any spatially dependent behaviour. Matrices can of course
be produced for different subparts separately, like in our research for two test areas, but the
nature of spatial variation seems also to be more locally dependent. The variation of
uncertainty is not only per sub area or polygon but the different neighbour types of soil
classes have transition zones of different width (Fisher, 1999; Davis and Keller, 1997;
Chrisman, 1994). Inside this transition zone one soil type is changing to another and we
have to be able to model how the changing occurs. The boundaries between adjacent soil
polygons are not crisp in reality as described in the traditional maps. This problem is part of
our ongoing research (Kremenova and Sunila, 2004) and not more discussed in this paper.

Uncertainty estimation by using spatial autoregressive process
In most research projects an analytical approach to spatial error estimation has been
realized to be too difficult or even impossible (Zhang and Goodchild, 2002) and instead of
mathematical formulas, simulation models have been created. Goodchild presents and
evaluates different uncertainty models that can be used specially in modeling the
uncertainty of categorized polygon maps, or area-class maps, as Goodchild (2003) calls
them according to Mark and Csillag (1989). Goodchild et al. (1992) introduced the use of a
spatial autoregressive process in stochastic simulation as the most advanced way of
managing uncertainty.

In the simulation based on a Markovian field approach the adjacent pixels are taken into
account. This causes as a result a map of solid polygons instead of a fragmented set of
pixels. The uncertainty model only assumes that a probability vector is available for each
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pixel according to which the random number then gives the soil type to the pixel and a
correlation coefficient defines the level of dependency between the random values for
adjacent pixels. If we use stochastic non-spatial simulation and each pixel gets a random
value according to the misclassification matrix the realization of one simulation can be very
misleading and at least very fragmented (Ahlajärvi, 2002). Of course after several
simulations the total situation on average is correct, but separate realizations do not reflect
the reality (Horttanainen, 2003) and it is difficult for the users, who mostly are non-
mathematicians, to understand them correctly. The model that is used in our research in
spatial autoregressive process given by Goodchild et al. (1992):

X = ρWX + ε (1)

In which X is a N-vector (N = m x n, the product of the dimensions of the matrix in
question), that contains the elements of the matrix; ρ is the correlation parameter, W is N x
N weight matrix and ε is N-random vector with standard normal distribution. In W
elements have value 1 if the pixels are full 4-neighbours. The maximum value of ρ is 0.25.
If the equation is solved according to X, we get

X = (I - ρW) –1 ε (2)

Modelling the surface as a torus solved the problem of edge effect. The spatial dependency
level is defined by the parameter ρ and the crux of this method is how to define it. The
parameter is the core element of the spatial autoregressive process but there is no analytical
method for defining it. In Figure 1 there are some random fields with different parameter
values (Horttanainen, 2003).

ρ  = 0 ρ  = 0,15 ρ  = 0,24 ρ  = 0,2499 

Figure 1: Spatially dependent random fields with different parameter values.

Simulation procedure
In order to analyse the uncertainty of the source data sets stochastic simulation was used.
Our sample area was originally 400 x 400 pixels, one pixel size 25 m x 25 m. Because of
the heavy process in simulation we had to reduce the test area into 50 x 50 pixels. In
simulation 100 realizations were created and 21 different values of ρ between 0 and 0.2499.

The random fields for the errors of the source data were created by using equation (2). W
was defined so that each neighbour got weight value 1, so the parameter was defined as
0.25. When W was created the matrix (I - ρW) was created by using different values of ρ;
the matrix was inverted and then multiplied by different random vectors ε for different
realizations. The misclassification matrix information was then used to define the soil type
of each pixel together with the random field. An example of the simulation is in Figure 2.
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Figure 2: Examples of map realizations by using different values of ρ.

Uncertainty analysis by using simulated data sets
The cross-country analysis was computed by using the simulated source data sets with
different ρ values and for all four seasons. Source data simulations and analysis results
were evaluated by using misclassification matrices, which were created by using the
simulated data sets and the original data. Misclassification matrices were also created about
the analysis results computed by using the simulated data sets and compared to the original
results. A simple regression model was made in order to analyse the dependencies of the
source data uncertainties and the uncertainty of the results. Maps on the simulated data,
results and their uncertainties were produced.

RESULTS

Evaluation of the uncertainties of source data and analysis results by misclassification
matrices
The PCC indices for soil map data were 87.2% and 88.6% for two test areas (small areas).
For the original areas the PCC: s were higher (90.0% and 87.7%), thus almost the same. On
the basis of the results of the mobility analysis it can be seen that when the source data sets
are simulated simultaneously the level of uncertainty of the results is increased. Compared
to the previous research (Ahlajärvi, 2002) the PCC indices are systematically lower. Two
test areas give also slightly different results.

Evaluating the uncertainties can make some general conclusions. The uncertainty of soil
map is lowest among the different source data sets (vegetation, frost, snow). Only marsh
areas seem to have clear effect on the results because soil class “marsh” has the lowest
mobility value and no other data sets (even with high uncertainties) can change it, so the
uncertainty is low and results are good. In this paper we only concentrated on the soil data.
Thus we just mention briefly the effect of the other data sets. Snow decreases the
uncertainty level, because the best mobility classes are left out. The uncertainty of
vegetation seems to affect a lot to the uncertainty of the results. Estimating frost depths was
a complicated task, which is studied further in our ongoing research.

The misclassification of pixel-related mobility was analysed by using a simple regression
model, in which the variables were standard deviations, variances and the joint effects of
variations of the misclassifications of the source data sets. The result of this, however, was
that the structure of the uncertainty in the mobility analysis model is so complicated that
simple linear regression model cannot be used (Horttanainen, 2003).
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Visual evaluation of the uncertainties of source data and the results
The clearly better way to evaluate the results seemed to be visual analysis. An example of
the spatial dependency of uncertainty is shown in Figure 3. The colour code is the same as
in the previous figures. The effect of the parameter ρ can clearly be seen. By evaluating the
maps shown on the right side the uncertainty of different soil types is understandable. For
example the yellow silt (in the middle of area 1) and pink sandy till (small polygons in the
lower right corner of area 1) have high uncertainty, which can also be seen in the
misclassification matrix as lower percentages of correctly classified. In the upper right
corner of the area 2 there is a marsh polygon with very low uncertainty; in the
misclassification matrix it has 100% correct classification.
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Figure 3: Uncertainty of classification in soil maps. The darker the value the bigger the uncertainty.

Figure 4 shows the uncertainties of the analysis results in case of different seasons and test
areas (test area 1 and 2, summer, autumn, winter and spring). In the original cross-country
mobility map (on the left) the colour code means the analysis result (mobility improves
from dark grey to dark green through lighter shades, dark green is the best mobility). In the
different result maps (with changing ρ) the grey scale shows the improving uncertainty (the
darker the value the bigger the uncertainty). (Unfortunately in black and white the maps are
not completely informative.) These maps show, however, clearly the advantage of the
visualization: by decreasing the amount of mobility classes for example so that classes 1, 2
and 3; 2, 3 and 4; 3, 4 and 5 etc, are classified into one class it is possible to compute the
probability of getting correct classification by a certain tolerance. In practice this means
that the decision whether “to go or not to go” can be made on certain risk.

Analysing parameter ρ in the uncertainty model
The core of the spatial autoregressive uncertainty model is parameter ρ. From the point of
view of correct visualizations also correct ρ is of main importance. The effect of ρ to the
misclassification of separate pixels was studied by simulations using ρ values between 0 -
0.2499. Misclassification matrix values and PCC:s seemed to remain very much the same
with different ρ values. Pixel based misclassification, however, shows that the parameter
value has clear effect to the variations only when the parameter value is higher than 0.2 and
it seems to be biggest just before the theoretical maximum value. Visual evaluation showed
this behaviour best in soil maps (Figure 4). Between two test areas we found similar
differences than in earlier studies. On the basis of this research we cannot, however, say
much on the effect of the parameter value to the final results.
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Figure 4. Uncertainty of classification in cross-country mobility analysis. The darker the value the bigger the
uncertainty.
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CONCLUSIONS AND FUTURE DEVELOPMENT OF THE UNCERTAINTY MODEL

Conclusions and future development
The expected result of the research was that uncertainty of mobility analysis results is
increased when source data uncertainty is taken into joint consideration. Analysis model
includes complicated relationships, which are difficult analyze by statistical methods.
Visually observable reliability maps are user-friendly tools to present the uncertainty at
pixel level as well as to analyze the dependencies and present the results to the users. The
spatial uncertainty model developed gives the possibility of producing pixel-related
uncertainties but needs still further development.

The soil map will be modeled with a fuzzy model in order to add more knowledge about
spatial uncertainty to the map (Kremenova and Sunila, 2004). The boundary areas of the
soil polygons will have pixel-related membership values to make the fuzzy boundaries
instead of crisp. Kriging could also support the modeling but some additional information
must be used (Sunila and Horttanainen, 2004; Sunila et al., 2004). The parameter ρ must be
analyzed and it is possible that it could get different values in separate areas or even for
different soil types (Horttanainen, 2003). Visualization methods in connection to the use of
results and the users´ requirements are one important topics for future research and
development.
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