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Abstract 
The paper discusses use of static visualization techniques for representation of uncertainty in 
spatial prediction models illustrated with examples from soil mapping. The uncertainty of a 
prediction model, represented with the prediction error, is commonly ignored or only 
visualized separately from the predictions. Two techniques that can be used to visualize the 
uncertainty are colour mixing (whitening) and pixel mixing. In both cases, the uncertainty is 
coded with the white colour and quantitative values are coded with Hues. Additional hybrid 
static visualization technique (pixel mixing with simulations) that shows both the short-range 
variation and the overall uncertainty is described. Examples from a case study from Central 
Iran (42×71 km) were used to demonstrate the possible applications and emphasize the 
importance of visualizing the uncertainty in maps. The soil predictions were made using 118 
soil profiles and 16 predictors ranging from terrain parameters to Landsat 7 bands. All 
variables were mapped using regression-kriging and grid resolution of 100 m. Final maps of 
texture fractions, EC and organic matter in topsoil were visualized using the whitening, pixel 
missing and pixel mixing combined with simulations. Visualization of uncertainty allows users 
to compare success of spatial prediction models for various variables. In this case study, the 
results showed that there can be quite some differences in the achieved precision of 
predictions for various variables and that some soil variables need to be collected with much 
higher inspection density to satisfy the required precision. Visualization of uncertainty also 
allows users to dynamically improve the precision of predictions by collecting additional 
samples. Links to scripts that the users can download and use to visualize their datasets are 
given. 
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1 Introduction 
Maps are almost never 100% correct. In the case of natural resource inventories, the survey 
teams will be satisfied if they manage to explain 50-75% of spatial variability, or if they 
manage to locate the right classes/objects in 70% of cases. This leads to an information 
paradox – the traditional maps are almost always represented as being 100% correct, but these 
maps will often show patterns which can be even very improbable. For example, in the case of 
soil mapping, soil class maps (choropleth maps) can have beautiful colourful appearance, 
while at the same time they can be rather inaccurate. Similarly, maps produced by kriging or 
other similar smoothing interpolators will show point patterns which are obviously a 



7th International Symposium on Spatial Accuracy Assessment in Natural Resources and Environmental Sciences. 
Edited by M. Caetano and M. Painho. 

806 

consequence of the sampling design, and not the true picture of spatial variability (Goovaerts, 
1997). 

In the case of the quantitative (geostatistical) approach to mapping of natural resources, the 
spatial prediction models typically provide an estimate of the associated uncertainty – the 
spatial prediction error (Goovaerts, 1997). Such information can then be also attached to the 
map of predicted values or even visualized together with the predictions to give a more 
realistic representation of the quality of predictions. In that way, the users will become aware 
of the associated uncertainty in different parts of the study area. They can then quickly decide 
weather to take extra field samples and where to locate them. 

The assessment and visualization of uncertainty is slowly becoming a standard in many 
projects related with the production of natural resource inventories (Wingle et al., 1999). 
Especially simulations and visualization of multiple scenarios are now being implemented in 
many GIS or statistical environments (Ehlschlaeger et al., 1997; Pebesma et al., 2000). 
However, there is still a large gap between what the end-users perceive by looking at maps 
with included uncertainty and what such visualizations truly mean. For example, we often 
witness situations where the map-users have no ambition to understand some dense statistical 
theory, but prefer maps which are simple to read and understand, i.e. popular (Cleveland, 
1993). 

In previous work, we have demonstrated the possibilities of using the amount of whiteness to 
represent the uncertainty in categorical (Hengl et al. 2004a) and quantitative maps (Hengl et 
al., 2004b). At that moment, these techniques were rather experimental and we could not 
provide (GIS) tools that will allow other users to visualize their own data. In this paper, we 
will present a guide to visualize the uncertainty of spatial prediction models by using an 
affordable GIS package. In addition, we will demonstrate some hybrid approaches to 
visualization of uncertainty in maps that are more informative, while being easy to interpret at 
the same time.  

2 Uncertainty of spatial prediction models 

2.1 Spatial predictions and simulations 
The basic idea of any spatial prediction model is to provide best estimate at some new location 
(s0), given the sampled values (z1,…,zn or z ) and eventually some auxiliary predictors ( q ), 
which are available over the whole area of interest. This can be expressed as:  

0ˆ( ) ( , )z s f= z q ;    [ ]0 0 0ˆ ˆ( ) Var ( ) ( )s z s z sσ = −  (1) 

where 0ˆ( )z s  is the predicted value at new location and 0ˆ ( )sσ  is estimated error of making a 
prediction, i.e. an estimated difference between the true and predicted values. Apart from 
making predictions at some location, the statistical models can also used to simulate the 
equally probable realisations by adding a random component. In geostatistics, this can be 
achieved through unconditional or conditional Gaussian simulations (Goovaerts, 1997). The 
package GSTAT, for example, will allow you to produce Gaussian simulations assuming the 
same list of predictors and the same spatial dependence structure as used to create predictions 
(Pebesma, 2004). 
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A statistical technique which allows predictions using the sampled data and auxiliary 
predictors, as described in Eq.(1), is “Regression-kriging” (RK). This is by many statisticians 
considered to be the Best Linear Unbiased Predictor of spatial data (Christensen, 2001) and is 
today used more and more to produce maps for various environmental variables sampled at 
point locations. RK is in fact equivalent to techniques known as “Universal kriging” and/or 
“Kriging with external drift”, although, in literature you will often find that various author 
interpret these techniques in different ways (Hengl et al., 2006). 

2.2 Regression-kriging (RK) 
In the case of RK, the effects of both environmental predictors and spatial location of 
observations are modelled using the (additive) universal model of spatial variation: 

ˆ= ⋅ +z q β e ;   ( ) 0E =e  (2) 

where q  are the predictors (p in total) at sampled locations, β̂  is the vector of fitted 
regression coefficients and e  are the residuals. A prediction at a new location can be produced 
by fitting the regression component and then summing back up the interpolated residuals: 

( )0
ˆ ˆˆ( )z s = ⋅ + ⋅ − ⋅T T

0 GLS 0 GLSq β λ z q β ;   ( )ˆ = ⋅ ⋅ ⋅ ⋅ ⋅
-1T -1 T -1

GLSβ q C q q C z  (3) 

where T
0q  is a vector of predictors at 0s , ˆ

GLSβ  is a vector of coefficients that are estimated 

using generalized least squares, T
0λ  is a vector of kriging weights for residuals estimated using 

the variogram model of residuals, z  is a vector of n field observations, C  is the n×n size 
covariance matrix of residuals and q  is the matrix of predictors at all observed locations 
(n×p+1). This prediction model has a model error (RK variance), which equals to 
(Christensen, 2001): 

( ) ( ) ( )2
0 0 1( ) ( )RK s C Cσ − − − −= + − ⋅ ⋅ + − ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ − ⋅ ⋅

T -1T 1 T 1 T 1 T 1
0 0 0 0 0 0c C c q q C c q C q q q C c  (4) 

where 0 1C C+  is the sill variation and 0c  is the vector of covariances of residuals at the 
unvisited location. The RK variance reflects the position of new locations (extrapolation) in 
both geographical and feature space. As the samples get further apart in geographical space or 
further apart from the centre of the feature space, the prediction error will increase. 

The prediction error can be normalized using the original variance of the data so that we can 
compare the prediction error for different type of variables: 

0
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s
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σ

=  (5) 

where ( )isσ  is the sampled standard deviation of a variable z. The normalized prediction error 
shows how much of the original variation is explained by the prediction model. A satisfactory 
prediction is when the model explains more than 85% of the total variation (normalized error = 
40%). Otherwise, if the normalized prediction error gets above 80%, the model accounted for 
less than 50% of variability at the validation points and the prediction is unsatisfactory. The 
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normalized prediction error close to 100% means that the predictions are as good as taking any 
value1 from the normal distribution. 

3 Visualization techniques 
There are two major groups of (geo)visualization techniques that can be used to represent the 
uncertainty of the spatial prediction models: (a) static or based on a single image and (b) 
dynamic or based on animations. The basis of the dynamic visualization techniques is use of 
simulations – by visualizing multiple realisations of the same model a map-user gets an idea 
how variable is the information presented. In fact, many geostatisticians (Goovaerts, 1999; 
Pebesma et al., 2000) recommend that only simulations should be used to visualize maps 
because they offer the true representation of the stochastic component (short-range variation). 

Multiple simulations can then be visualized together as animations. However, use of the 
animations has a serious disadvantage that the users might get an impression that soil variables 
are mobile (which is misleading of course). In addition, simulations can only be used in a 
multimedia environment, while the visualizations using static techniques can be printed and 
distributed as hard copies. A disadvantage of using static values only (predictions), on the 
other hand, is that the users get information only about the (smoothed2) most probable values, 
while the short-range (nugget) variation is not represented. This impression about the 
smoothness of a variable is also misleading, because the environmental variables almost never3 
vary smoothly in space. 

In the following sections, we will describe two static techniques that we have previously 
designed and tested in multiple case studies, and then emphasize why is important to visualize 
uncertainty and what could be the possible applications. 

3.1 Visualization of prediction errors using whitening 
To improve the usability of end-products, map-producers need to closely follow the empirical 
rules of cartography. Otherwise the map-users might get distracted or confused either by the 
colour, the legend or the statistical theory behind the product (Monmonier, 1996). The 
examples of good practice are use of the optimal number of classes (7-8), use of hue or 
greyscale to visualize the continuous variables and similar. Another good practice to visualize 
uncertainty is to use whiteness. White is a colour which is often associated with missing data 
or unknown values. Assuming that the predictions are represented with Hues of colour, the 
spatial prediction error can be mixed-in by adding the amount of white4 colour proportionally 
to the actual error. The technique is explained in detail in Hengl et al. (2004b) and an example 
with a two-dimensional legend is given in Figure 1. An obvious problem with this technique is 
that the map-user needs to have some basic knowledge of statistics to understand the 2-
dimensional legend and the concepts behind the colour-mixing. An alternative to the whitening 
technique is mixing-in of white pixels. 

                                                                 
1 This obviously mean that the predictions are almost useles.  
2 The visualization scripts can be accessed from the http://spatial-analyst.net 
3 The exception are only climatic variables, but even these can be quite variable at the land surface. 
4 Hence, this can be then termed a “whitening” procedure. 
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Figure 1 Example of visualisation of uncertainty: topsoil thickness in cm interpolated using regression 

kriging: (a) predicted values; (b) normalized prediction error and (c) uncertainty included with whiteness 
and the accompanying two-dimensional legend. 

 
Figure 2 Visualisation of uncertainty using simulations and pixel mixing: (a) prediction map; (b) simulated 
values using the same prediction model; (c) visualization using punctual estimates and (d) block estimates. 
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3.2 Visualization of prediction errors using pixel mixing 
In the case of pixel mixing, uncertainty can be represented by randomly adding white pixels 
(undefined values) in amounts proportional to the actual normalized prediction error. So if the 
normalized prediction error at some location is 65%, and if the lower and upper threshold 
values are 40% and 100%, then 4 from 9 pixels in a 3×3 window environment will be assigned 
no value (white). For prediction error of 40%, no pixels will be assigned to no value class and 
for the prediction error of 100% all pixels will be assigned to no value class. This technique is 
illustrated using the same example in Figure 2. 

Note the whitening and pixel mixing can also be combined with simulations (a hybrid 
approach in Figure 2d) so that we can visualize both the short-range variation and the 
uncertainty of the model. Especially the combination of the simulations and pixel mixing 
seems to be attractive because it does not need a special legend and the uncertain areas can be 
easily recognized. 

4 Examples from soil mapping 
We will now demonstrate how these techniques work using a real case study from a digital soil 
mapping project. We will use the “Zayandeh-rud valley” case study, which is of size 
42×71 km. The study area is located in central basin of Iranian plateau. Means of evapo-
transpiration, temperature and precipitation of the study region are 1600 mm, 14° C and 110 
mm, respectively. The geologic infrastructure of the area is mainly Cretaceous limestone, 
Mesozoic shale and sandstone. Due to low infiltration rate, extreme aridity and an ascending 
water movement, different soluble minerals have accumulated on the surface of the four playas 
in the valley. Based on the extent of geomorphic surfaces and direction of changing gradients 
like slopes, they were proportionally sampled throughout the study area with the exclusion of 
mountains and rocky hills. The salinity of soils simultaneous with aridity increases eastwardly 
while altitude decreases in that direction. The piedmonts and playa surfaces are bare and only 
the river terraces and some adjacent playas are under coltivation. Therefore, organic mater of 
top soil is very low in most cultivated sections and sevearly low in all playa surfaces. pH is 
extreamly high in some sodic spots of playa where water table is higher in soil profile. The 
texture in playas is more clayey in topsoil unles the wind eroded materials (silt size 
gypsiferous materials) cover the soils. 

The survey included collection of 118 samples, which were taken for laboratory analysis. After 
the field work, we have prepared a set of 16 predictors ranging from terrain parameters 
(elevation, slope, wetness index, curvatures and incoming solar radiation) to Landsat 7 bands 
that can be used to improve spatial prediction of targeted soil variables. Our objective was to 
produce maps of texture fractions, EC and organic matter in topsoil. The predictions and 
simulations were produced using the RK model, as described in Eq.(3) and as implemented in 
the stand-alone package GSTAT1. The results of spatial predictions using GSTAT are two 
maps: (a) a map showing interpolated values (or a simulated realisation using the same 
statistical model) and (b) a map showing the estimated error of the prediction model. These 
maps were then visualized in ILWIS GIS using the scripts2 called VIS_error and VIS_sim. 

                                                                 
1 In GSTAT (www.gstat.org), the operations are implemented through scripts, which carry all information 
about inputs, settings for the methods and names of the output files. The results are directly writen to some 
common GIS format. 
2 Both scripts are available via http://spatial-analyst.net 
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4.1 Comparing results for various variables 
We first visualized the predictions and errors using the whitening technique (Figure 3), as 
implemented in the script VIS_error, which nicely illustrates how different can be the 
success of spatial prediction for various variables. This clearly shows that the original maps on 
the left side of Figure 3 (pure predictions) can be quite misleading. When we visualize the 
values with their uncertainty (right side Figure 3), only for EC and SILT we can be relatively 
confident that the predictions are pricise in the 90% of the area. In all other cases, the 
proportion of areas that are uncertain is much higher. In the case of CLAY, the prediction 
model is rather uncertain in most of the area. For this variable we will obviously need to 
collect additional field data (or better predictors) to be able to truly claim that we have mapped 
the clay content with success. 

 

 
Figure 3 Success of spatial predictions for various soil variables: sand (SAND), silt (SILT) and clay 

(CLAY) content in %, Electric conductivity (EC) and organic matter (OM) content in %. On the left are 
the predicted values and on the right are the predictions visualized together with uncertainty (in this case 

using the whitening technique). 
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Note also that, in all cases, the uncertainty increases as we get into the mountain chains in the 
south-western corner of the map (white patches). Because the field sampling was purposive 
(the surveyor placed sampled freely to represent the main landforms), obviously some areas 
were omitted from sampling. In this case, the surveyor has on purpose omitted such areas 
because he was aware that these are either bare rock areas or areas with very shallow soils. The 
problem is that the statistical algorithm does not reflect the mental model but only the data 
itself, so that the resulting prediction error in this area will be much higher because of the 
extrapolation in the feature space (highest elevations, lowest wetness index). 

The maps in Figure 3 do not give us much information about what is the short-range variation 
of different variables. To make the maps even more informative, we run the Gaussian 
conditional simulations in GSTAT using the same regression-kriging model. The prediction 
error is finally included by using pixel mixing and the script called VIS_sim. If you compare 
the two examples (Figure 4), you will see that the general patterns are similar, but the 
information in the right figure is somewhat richer, because it allows gives us idea about the 
short-range variation. 

 
Figure 4. Precision of mapping organic matter (OM): (left) visualized using the whitening and (right) pixel 

mixing and simulated values. 

4.2 Improving spatial predictions using additional samples 
The quality of maps can be improved by locating additional samples in the areas where the 
prediction errors are the highest. In that way the whitening or amount of white pixels would 
decrease until we are visually satisfied with the image. Usually, if the users see that >90% of 
the maps shows clear pattern and clear colour hues, the map can be considered to be precise. 

There are two way to locate the additional points: (a) manually by looking at the areas where 
the prediction errors are the highest and (b) automatically by employing some sampling 
optimisation algorithm. In the latter case, we can use the methodology to minimize the RK 
variance as explained in Heuvelink et al. (2006). This way, the RK prediction variance can be 
minimized to fit exactly our needs. This is an important step that can help us at least bring 
maps of all parameters to the same level of precision and to avoid the situations illustrated in 
Figure 3. 

5 Discussion and conclusions 
The pure predictions visualized without the associated uncertainty can give users a false 
impression about the spatial variability of a target variable and a full impression about the 
quality of the maps. Maps are not always what they seem – the only issue is how to 
communicate this to the map-users and how to justify the poor predictions to the contractors. 
We have presented some techniques that can transfer more accurately assessed precision of the 
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maps and their uncertainty. We advocated the use of a hybrid static visualization technique 
(simulations with pixel mixing) that represents both the short-range variation and the overall 
uncertainty (Figure 4). This does not mean that this technique does not have alternative or that 
it will be accepted by most users. We will certainly need to run some perception and usability 
tests to see how popular such maps are, and do the users clearly understand the information 
presented in them. The other issue is how much back-ground knowledge i.e. training would 
such users need to be able to produce and use such maps themselves? 

You can now test some of the described algorithms with your own prediction models and give 
us a feedback on how useful was the visualization of uncertainty i.e. what are the problems 
your map-users have with such maps and give us advices on how can they be made more user-
friendly. A task for programmers would be to implement such algorithms into a more 
interactive GUI, so that the users can quickly select the inputs, then visualize the outputs, add 
new points and adjust the support size to fit the expectations that their customers might have. 
This will be also our task in the coming years. 
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