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SUMMARY 

 
Decision-making in environmental questions often involves a number of uncertainties: uncertainties 
in decision models, selection and quality of the input data, and the resulting uncertainty when 
combining data from different sources. Spatial decisions are often taken without any formal 
analysis, meaning that the decision-makers only have a mental map or geocoding of information 
about the decision options. An example of such decision situation is siting of new landfills, where 
there is no standard method to aid in the decision-making process today. In each case, the selection 
and weighing of criteria differ depending on the individual who selected the criteria, the person’s 
motives and knowledge.  
 
In other decision situations, the methods and criteria may be well developed. A commonly used 
method for investigation contaminated sites in Sweden is called “MIFO”- Method of Surveying 
Contaminated Sites. Two phases are defined in the MIFO method where investigations start at a 
superficial level and after each phase, efforts are focused further on the brownfields with highest 
priority. Using the model, sites with different sources and kinds of pollution, can be classified and 
prioritised for remediation. A strict and clear model has advantages; it is effective and has 
economical benefits. But having a static model with strict guidance also leads to problems as the 
sampling approach suggested by the model is not optimally adapted to individual sites. Since 
contamination patterns differ at different sites, a singe sampling approach does not lead to a 
representative sampling in all situations. The risk is that contamination is overestimated or 
underestimated, leading to unexpected costs as well as waste of resources in a remediation situation.  
 
Variability of the data, uncertainty in the data quality and the consequences in having no versus 
strict guidance in a decision situation are discussed in two cases; a regional landfill siting project, 
and a local investigation of a contaminated site. Further an improvement of the MIFO method for 
investigating brownfield sites is suggested.  
 
Future research involves how to include uncertainty modelling as a standard in all environmental 
decision-making processes. Tools are needed to aid decision-makers in expressing the maximum 
accepted uncertainty in the outcome. Guidance for selecting and weighing of criteria in decision-
situations must be developed, as well as models that consider the case specific demands and 
conditions. 
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1 INTRODUCTION 
 
Decision-making in environmental issues often involves a number of uncertainties generated by 
incomplete defined decision models, selection and quality of the input data, and the resulting 
uncertainty generated by the combination of data from different sources. The different steps add 
uncertainties that interact with each other and affect the final outcome. A faulty decision can have 
serious consequences for the affected individuals, society, and environment. A clear decision-
making strategy is therefore important.  
However, some spatial decisions are taken without any formal analysis, meaning that decision-
makers have a mental map and preconceived notions about the decision options before the final 
decision is actually taken (Jankowski et al., 2001). An example of such a decision situation is when 
siting new landfills, where no formally accepted method to aid in the decision-making process 
exists today. In each case, the selection and weighing of criteria differ depending on the individual 
who selected the criteria and their motives and knowledge. 
 
In other decision situations, the methods and criteria may be well developed. A commonly used 
method to investigate contaminated sites in Sweden is called “MIFO”- Method of Surveying 
Contaminated Sites. Two phases are defined in the MIFO, where investigations start at a superficial 
level and progress after each phase, focusing further on the brownfields with highest priority 
(Swedish_EPA, 1999). Using the model, sites with different sources and kinds of pollution can be 
classified and prioritised for remediation. This strict and clear model has the advantages of being 
effective and having economical benefits as resources that are prioritized at the most polluted sites. 
But a static model with strict guidance also leads to problems as the suggested sampling approach is 
not optimally adapted to individual sites. Since contamination patterns differ at different 
brownfields, a singe sampling approach does not lead to a representative sampling in all situations. 
The risk is that contamination is over or underestimated, possibly leading to unexpected costs as 
well as a waste of resources in a remediation situation.  
 
In this work two questions are discussed: 
 
- How will uncertainties in data affect the outcome in a decision-making process? 
-  
- How will the availability of having no guidance versus strict guidance affect the decision? 
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2 METHODS 

2.1 Definitions 
 
The terms variability and uncertainty are used as formulated by Frey and Burmaster, (1999):  
 
- Variability represents diversity of heterogeneity in a well characterized population. Variability 

is not reducible through further measurement or study.  
 
- Uncertainty represents partial ignorance or lack of perfect information. Uncertainty is 

sometimes reducible through further measurement or study.  
 

2.2 Case Study 1: Investigation of a contaminated site 

2.2.1 Site description 
The site at Notviken in Luleå, Sweden is a workshop area where trains are serviced. Figure 1 shows 
a map of the land use, including tracks, landfills, scrap yards, and workshop buildings. The area has 
a history of industrial activities since the beginning of the 20th century. Studies from areas with 
similar activities indicate the expectance of pollutants like metals, oils, wood preservatives, 
pesticides, and PAHs (Magnusson, 2004).  
 

 
 
Figure 1 Land use at the workshop area of Notviken. 
 
The area is filled with a variety of materials, ranging from natural material to slag. The depth of the 
filling ranges between 10 and 50 cm. The quaternary deposits below the fillings are mainly till 
(sand-silt), though river sediments and possibly glaciofluvial are also occasionally found. The river 
(or glaciofluvial) sediments may have covered the till surface, but is now partly eroded. Below the 
till, glacial clay with an unknown depth can be found (Luthbom et al., 2004). 
 
The investigations focused on the western part of the area, where the scrap yard is situated.  
 



 Uncertainty in Environmental Decision-Making   

Karin Luthbom, Div. of Waste Science and Technology, LTU, 2004 
 

3 

2.2.2 Sampling strategy 
 
A stratified random sampling approach was used, as discussed in (Luthbom et al., 2004). Historical 
records and field observations were used to divide the area in strata, where each stratum was further 
divided into substrata after field mapping of the filling materials and their particle sizes. Digital data 
stored in vector format were transformed to raster format with the cell size 0.5×0.5 meters. A 
specified number of cells within each stratum were randomly selected by the ESRI software Arcinfo 
Workstation 8.3 (ESRI, 2002). The selected raster cells were converted to points, giving an x, y 
value where samples were taken.  
 
To confirm correct classification of the strata, an analysis of the variance of the measured means 
within the strata was performed using the statistic software Statgraphics. If the difference between 
the strata is larger than within each stratum, the classification is done correctly (Eklundh, 1999). 
 
Four different methods were used for soil sampling (table 1). 
 
Table 1 Sampling approach. 
 
 
SAMPLING 
APPROACH 

 
DESCRIPTION 
 

 
DEPTHS (CM) 

 
NO. OF 
SAMPLES 

 
SELECTION 

     
A Surface samples  0-10  62 Stratified  

Random Sampling 
 

B Sampling in depth 0-100 26 Random selection from 
sampling alternative A. At 
least one sample per 
stratum. 
 

C Sampling in depth  
 

0-200 5 Random selection from 
sampling alternative B.  
 

D Surface samples 0-10  13 Systematic sampling 
 

 
For sampling approaches A and D, a spade was used to dig pits for soil sampling. The collected 
sample weight was about 4 kg.  
For sampling approaches B and C, an excavator was used to dig trial pits for soil sampling. Four 
increments were taken with a trowel from the walls in the trial pit at each sampling level. The 
increments were composed in plastic bags.  
 
The sample preparation consisted of weighing, homogenisation by kneading five minutes in the 
plastic bags, and drying at temperatures over 100oC. Sieving was performed through a 2.00 mm 
polyamide sieve. Both fractions were weighed. A second homogenisation by kneading for five 
minutes was performed prior to analysis by X-Ray Fluorescence spectroscopy (XRF). The XRF was 
a NITON 700 XL with a cadmium isotope as radiation source. The measurements were performed 
on the plastic bags, with three measurements at different locations on each sample. Each 
measurement was performed for approximately 120 nominal seconds.  
 



 Uncertainty in Environmental Decision-Making   

Karin Luthbom, Div. of Waste Science and Technology, LTU, 2004 
 

4

2.2.3 Geostatistical Analysis 
 
The geostatistical analysis was performed using the softwares Surfer 8 (Golden Software, 2002) and 
Arcinfo (ESRI, 2002). The variogram models were fitted with a spherical model. Ordinary kriging 
was used to interpolate and predict concentration values.  
Cross-validation was used to examine how well the model predicts unknown values. Each data 
location was temporarily removed individually. A new value was predicted using the remaining 
samples. The actual and predicted values were compared for all points, resulting in a graph of the 
measured values versus the predicted (Isaaks and Srivastava, 1989). 
 

2.3 Case study 2: Landfill Siting 
In a landfill siting study, five groups of students from Luleå University of Technology were given 
the task of identifying suitable sites for a hazardous landfill in the area of Norrbotten, Northern 
Sweden. The groups were given the same geographical data for the selection. 
The first selection of sites involved a Boolean overlay using the ESRI software ArcInfo 8.3. By 
using logical operators, such as intersection (logical AND) and union (logical OR), maps were 
combined. The result was a map with suitable and unsuitable areas, while areas that were definitely 
not to be considered were eliminated (figure 4). 
 

 
 
Figure 4 Elimination of areas that are not to be considered in the selection. 
 
The positive alternatives were evaluated separately and in detail. The criteria are standardized to a 
common numeric range, and then combined by weighted average. The alternative(s) with the 
maximum value was selected as appropriate for a landfill site (Luthbom and Lagerkvist, 2003). 
 

 

Definition of search area 

 

Critera 1 

 
Negative areas 

 

Criteria 2 

Positive areas  
Negative areas 

Positive areas 

Areas for individual evaluation 
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3 RESULTS AND DISCUSSION 

3.1 Decisions under uncertainty 
 
Environmental decision situations often involve uncertainty. Optimal use of decision-support 
techniques requires careful and coordinated consideration of processes, data and model scales, and 
their related uncertainties (Renschler, 2004). From two case studies, a local investigation of a 
contaminated site and a regional landfill siting study, two main sources of uncertainty are identified: 
uncertainties in data being used in the decision model and how the data is used.  

3.1.1 Input data 
 
Information is vital to the decision-making process, though it is seldom perfect. When investigating 
contaminated sites, most uncertainty is introduced during the sampling stage of contaminated soil. 
Already when the data is created, uncertainties are introduced, i.e. sampling, handling, splitting, and 
sieving of samples, all contributing to make the information more uncertain.  
As a result of the often random nature of contamination, pollutant concentrations in the soil can 
vary over very short distances. Furthermore, the soil quality varies at all scales, leading to 
contrasting results depending on where the samples are collected (figure 5). The spatial variation 
generated by these factors leads to local uncertainties and makes representative soil sampling 
difficult.  
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Figure 5 a) Lead and b) copper sampled with method A 
 
By modelling a variogram, it can be possible to measure how the variable varies over the surface. 
The variogram for sampling approach A at the scrap yard is presented in Figure 6. No spatial 
autocorrelation between the samples could be found, and all variance is nugget. All pair-
comparisons among the data set were above lag intervals and longer than the range of a spatial 
dependence. Sampling approach A consists of five times as many samples as recommended in the 
MIFO, but the variability in the soil could not be explained.  
 
When the sample data set does not give any clear pattern of spatial continuity, the result must be 
evaluated for the included number of samples, sampling errors, erratic values, or possible outliers. 
The statistical analysis of the material gave no evidence to exclude outliers. By identifying clusters 

a) b) a) 
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in the samples and by modelling each cluster separately, the variogram could become more 
representative (Isaaks and Srivastava, 1989). With as few as three to six samples per sub stratum, 
any analysis of this kind could not be performed for the data collected at Notviken. 
 
Spatial autocorrelation could be detected in the denser sampling approach D. By using the 
variogram in Figure 7 as a calculation example, it can be estimated that approximately 290 sample 
points per hectare should be needed to describe the surface properly.  
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Figure 6 Variogram modelling for sampling approach A, measurements at the scrap yard. a) 

Variogram for lead and b) copper fitted with a spherical model. The black dots 
represent the average variogram value for the group of pairs separated by a specific 
distance (lag width).   
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Figure 7 Variogram for sampling method D. The black dots represent the average 

variogram value for the group of pairs separated by a specific distance (lag 
width). The straight line is the fitted spherical model. No outliers were identified 
in the source data, and no data points could be excluded. 

a) b) 
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Sampling depths is another aspect, where variability also occurs. At the Notviken scrap yard, most 
metals are collected in the first 50 cm of the profile (Figure 8), though low levels of metals are 
measured down to depths of two meters. Depth profiles for the landfills gave as expected, i.e. a 
division of elements depending on what was deposited rather than the transport of elements. 
Obtaining a meaningful stratification of such areas will not be possible because of the highly 
variable nature of a landfill. 
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Figure 8  Occurrence of lead and copper in depth at the scrap yard area.  
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Figure 9 Sample method D. a) Prediction map created with ordinary kriging and b) the 

corresponding prediction standard error map for lead using the data from (Luthbom et 
al., 2004). The true value lies within the predicted value ± 2 times the prediction 
standard error.  

 
Local uncertainties arising from non-sampled soil locations can be estimated by using geostatistical 
methods like kriging (Goovaerts, 2001). An example of local uncertainty analysis is shown in 
Figure 8 b where the predicted standard errors for the non-sampled locations are estimated. In the 
figure, the only certain sampling spot is where the actual sample is taken. By moving away from the 
sampling spot, the uncertainty in the model increases quickly. In the corners of the figure, the error 
is sometimes equal to or larger than the actual predicted level.  
 

a) b) 
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Jenkins et al. (1996) found that 95% of total error originated from sampling. Except in extreme 
hotspots, the contribution from the analytical error to the overall error is less than 2% (Gustavsson 
and Luthbom, manuscript in preparation), as was also observed by Mason (1992). In addition to the 
natural variability of soils, pollutants are known to have a wider range of variation than natural 
components. It is not uncommon to have a coefficient variation of 300% to 400% in samples taken 
at waste sites. Improving the analytical precision does not greatly reduce the total measurement 
error when the analytical error is a minor contributor to the total (Back, 2001; Crumbling et al., 
2003; Jenkins et al., 1996). 
 
The results from Notviken clearly illustrate that contaminated sites can be very variable. To get a 
representative sampling at this site, an unreasonable number of samples to describe the area at the 
surface and at depths in detail would have been needed. Not to be forgotten is the inherent 
variability of the material; variability occurs in all scales, from micro to macro. The intended use of 
the data must decide what sampling quality is needed. 
However, when discussing data quality as a concept, it is important to understand that it is only 
meaningful when it relates to the intended use of the data (USEPA, 1998). Low data quality will be 
acceptable in some decision situations and totally unacceptable in others. A low resolution soil 
deposit map will be acceptable in the screening stage of a landfill siting, but will not provide 
enough information in a detailed local investigation of contaminated sites. It does not reflect the 
variability that can be seen at a small scale. Depending on the purpose of investigating locally 
contaminated soil, the sampling density will differ. For example, if the purpose is to establish 
whether or not a site is polluted, fewer samples are needed than to delineate a contaminating plume. 
Since data collection is costly, it is important to carefully examine how many samples are needed to 
reflect the intended use of the data. If the objective of the investigation is vague and if no quality 
statement is included, the data evaluation and decision will be problematic (Back, 2001; Crumbling 
et al., 2003). 
 
In the MIFO, it is advised that samples be collected at hotspots. At areas appearing to be 
homogenous, there should be five samples per hectare. Using an approach such as at a brownfield 
site where the variability is high, the results of the outcome will differ depending on where the 
sample is taken. Hot spots can be difficult to find in the first place, and a judgemental sampling 
approach will be unsuitable in locating them. Systematic grid sampling is a better sampling 
approach for hot spots. An assumption about the hot spot’s size, shape, and depth determines the 
grid size (USEPA, 1995). The smaller the hot spot, the smaller the grid size.   
The results from the Notviken investigations indicated an area that appeared to be homogenous, but 
was instead very variable. Five sample points per hectare cannot clarify its complexity, and will not 
yield samples that represent the surface.  

3.1.2 The use of the data 
 
The use of Geographical Information Systems (GIS) in environmental decision-making has several 
advantages and has been shown to be an effective tool in localization studies (Dörhöfer and Siebert, 
1998; Eklundh, 1999; Siddiqui et al., 1996). A large number of complex data can be explained, 
analyzed, and presented in a foreseeable way and serve as a good illustrative tool in, for example, 
selection processes. But uncertainty arises when different types of geographical data are combined; 
raster versus vector data, quantitative versus qualitative data, and data in different scales, each with 
different kinds of corresponding uncertainty. The uncertainty in each variable is transferred and 
combined with that of other variables (Eklundh, 1999). The uncertainty or error must be estimated 
for each variable, either by direct measurements or by estimating the error on experiences from 
other studies. The uncertainties are often expressed as standard deviations, and several techniques 
for combining them can be used (Eklundh, 1999).  
 



 Uncertainty in Environmental Decision-Making   

Karin Luthbom, Div. of Waste Science and Technology, LTU, 2004 
 

9 

Geostatistical analysis is sometimes used as a tool to estimate total volumes of contaminants in soil 
and to produce contour plots of contaminant distribution on the basis of the observed concentration 
(Carlon et al. 2000). But used incorrectly, the geostatistical tool is an example of the illustrative 
power of a picture. Groenigen V. et al. (1997) remind us of the danger of using GIS when a result in 
the form of a map is illustrated without specifying its quality. Using the model in Figure 8 (a) as the 
true contamination pattern will be misleading. The predicted sampling error for the same model 
(Figure 8 b) shows that the model is not reliable, except at the actual sampling point. The combined 
information in Figure 8 illustrates how uncertainties can be severe even when the sampling density 
is high. The cross validation plot in Figure 9 further shows that the kriging model does not manage 
to predict unknown values. No linear relationship between the predicted and estimated values was 
found: The R2 value of the line is 0.01. 
Making assumptions from a kriging surface without analyzing the corresponding variogram may 
have serious consequences. The kriging surface does not contribute with any useful information in 
this case.  
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Figure 10  Cross validation for lead in sampling method D.  
 
To increase the chances of getting representative samples of the site, a stratified random sampling 
was used at the investigation of the Notviken workshop area. An analysis of the variance of the 
measured metal mean levels partly confirmed the stratification, when the P-value of the F-test was 
0.0013 for iron and 0.0459 for lead. Since the P value is lower than 0.05, it can be said with 95% 
confidence that the differences between the areas are larger than the differences within each 
stratum. For copper, no significant difference between the areas could be found.  
But the uncertainty in this stage involves the problem of implying “classical” statistical tests at 
contaminated soils. In classical statistics, two important assumptions are made: the normal 
distribution and the independency of the data (Montgomery, 2001), two assumptions that are 
seldomly verified at contaminated sites. Firstly, contaminated soils are often lognormal distributed 
(Carlon et al., 2000; Salmeen et al., 1995; USEPA, 1998), as was also observed at Notviken. 
Simple logarithmic transformations can transform a lognormal to a normal distribution 
(Montgomery, 2001), but it may be difficult to understand or apply the results of a statistical 
analysis made in a transformed scale. Secondly, contamination often has a correlated nature (Phoon 
et al., 2003). When classical tests are applied to correlated soil data, a large bias will appear in the 
evaluation of the test statistics, and the results become potentially misleading (Hald, 1952 and 
Cressie, 1993 in Poon et al., 2003).  
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3.2 Need of guidance in environmental decisions 

3.2.1 Lack of guidance 
 
No guidance in a decision situation can be a problem. In localization studies the outcome of the 
investigation is dependent on what criteria are selected. Tools for assigning relative weights to the 
criteria exist (Hinloopen et al., 2004; Millet and Wedley, 2003; Shen et al., 1998). Although 
methods for using GIS and Multi-Criteria Evaluation (MCE) are developed (Siddiqui et al., 1996) 
and some GIS software includes tools for MCE (Ceballos-Silva and Lopez-Blanco, 2003), decisions 
about what is included in the model must be done by the decision-maker. In location studies the 
principal uncertainty is in the selection of factors and criteria that should be included in the analysis 
and obtaining scales for them. Some criteria are quantifiable, e.g. for transport distances or the  size 
of aquifer affected, but qualitative issues must also be judged by some criteria. The strategy for the 
selection and expression of such criterion becomes a key issue, and is conclusive for the final result. 
  
In the siting study in Norrbotten, it was found that even in a well-defined siting situation, the 
criteria and their weighing differed (Table 1, Figures 4 and 5). The uncertainties and variability in 
the selections resulted in none of the groups selecting the same site (Figure 3). The number of 
criteria used ranged between six and eleven criteria (Figure 4). Figure 5 summarises how many 
groups used each criterion.  
In Table 1, the weighing of the criteria is presented, where one group did not put relative weights on 
the criteria, but instead used a two-graded scale if the criteria were fulfilled or not. Differences in 
the selection of the relative weights can be found between the other groups. 
 

 
 
Figure 11  Final selection in the search for a new landfill sites in Norrbotten. 
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Figure 12 Number of criteria used by each group Figure 13  Frequency of. criteria usage. 
 

 
Table 3 Weights on each criterion. (–) means that the criterion was not evaluated  
 or assigned a weight.  
 

 

CRITERION 
 

GROUP 1 
 

GROUP 2 
 

GROUP 3 
 

GROUP 4 
 

GROUP 5 
 

      
Laws and regulations - 3 3 3 3 
Waste source - 1 1 - - 
Larger communities - - 3 2 2 
Railroad - 2 2 2 - 
Clay as a natural barrier - 2 2 2 2 
Hydrology - 3 3 3 2 
Settlements - 2 3 2 2 
Available area - - - - - 
Raindeer husbandry - 3 3 - - 
Power lines - - - - - 
Roads - 2 2 - 2 
Airport - - - 1 - 
Potential conflicts - 2 - - - 
Landscape profile - - - 2 - 
Noice - - - - - 
Topography - - - 2 - 

 
 
Even though the same method for selecting the sites and the same data were used, individual 
choices had the strongest impact on the outcome. In the real world, there is no common method for 
selecting landfill sites in Sweden. In some cases, decision makers already have a favourite site, and 
with a mental geocoding of decision options, the criteria are adapted to fit the favourite site. There 
is an eminent risk of making the wrong choices if the decision is made under these circumstances.  
 
The problem remains: Who shall make the selection of criteria? Kuhn and Ballard (1998) conclude 
that siting processes do not fail because of inadequate environmental or technical considerations, 
but because of the decision making process. The utilitarianism approach often used in localization 
studies reduces the decision criteria to a measure of net cost and benefit. The happiness of some 
people is more important than the happiness of others, e.g. some must suffer for the common good 



 Uncertainty in Environmental Decision-Making   

Karin Luthbom, Div. of Waste Science and Technology, LTU, 2004 
 

12

(McKay, 2000). Landfill siting is an excellent example of the NIMBY (Not-In-My-Backyard) 
syndrome, which should not be underestimated. McKay (2000) analyzed a landfill siting study in 
Canada that included three rounds, took five years, went more than 600% over budget, and ended 
with an agreement to extend the life of the original local landfill another 5-10 years. In this case it 
was assumed that the decision makers could make decisions for the community, while the 
community trusted the decision makers to act in their best interest. Public participation was 
minimized, with a resulting failure. Does this mean that public acceptance is the most important 
criteria? It is possible, though the research in this thesis cannot prove this assumption. But it is clear 
that if public concerns are set aside until a site has been selected, there will be conflict (McKay, 
2000). Allowing public participation in the decision making process and including the needs of the 
public usually grants a higher grade of acceptance for activities involving risk, thereby reducing 
time delays and costs associated with the decision (Kuhn and Ballard, 1998; McKay, 2000; 
Merkhofer et al., 1997). 
There is a need for interplay between the affected actors who are interested in or affected by the 
decision in the solution, i.e. local groups, including permanent residents within range of the impact, 
summer residents and nature conservation organizations, experts, authorities, and interested 
companies should all be invited and involved in the selection of criteria. With varying goals of 
different localization studies, using the same criteria and selection models in all situations is not 
possible. It is important that preconceived notions are reduced, and that a formal analysis is 
introduced to ensure satisfaction from the final decision.  
 

3.2.2 Drawbacks of strict guidance 
 
In other situations when the criteria are set and the methods for decision-making are well 
established, a problem of inflexibility is seen instead. In the MIFO, the decision-maker is guided 
throughout the process of risk classifying polluted sites. The model advises the decision-maker 
where to take soil samples (at hot spots) and the number of samples to be collected where no hot 
spots are found (five per hectare). If many samples are collected, the 90th percentile or the second 
highest measured value is used for comparisons and calculations. If only 1 to 5 samples are taken, 
the highest of these values is used (Swedish_EPA, 1999). To accept the sampling approach, one 
must assume that the collected samples are representative of the site. Investigations at the 
marshalling yard at Notviken showed this assumption to be invalid where contamination has been 
random. The variogram in Figure 7 clearly shows that even with a high sampling density, no spatial 
relationship between the points could be found for the measured variables lead and copper. In this 
example, five times as many samples as recommended in the MIFO were taken.  
 
An advantage in having strict guidance and strict criteria is that all investigations are comparable, 
considered a benefit when prioritizing sites, though it does not encourage site specific sampling 
strategies that could have made sampling representative. Instead, it makes a high sampling density 
hard to motivate to the paying assigner. The model is actually an obstacle in making correct 
decisions. To reduce data uncertainties represented by sampling and variability in soil, higher 
sampling densities and site specific strategies are demanded. There is a need for flexibility in 
sampling strategies when investigating polluted brownfield sites, as well as the sampling reflecting 
the intended use of the data. A preliminary step in evaluating the risk involved in any decision-
making is to use uncertainty models (Goovaerts, 2001). Several authors discuss decision-making 
techniques when uncertainties exist, a topic that has received much attention in the literature 
(Hinloopen et al., 2004; Millet and Wedley, 2003).  
 
This research suggests improvements in the sampling stage of the MIFO. The selected criteria and 
comparison levels are unchanged, and the model should give the same output information as MIFO, 
making it still possible to compare and prioritize sites. The difference is the sampling approach that 
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is adapted to each site to encourage site specific sampling strategies, making sampling more 
representative.  
 
A suggested sampling approach for brownfield areas is presented in Table 4. At such sites, three 
types of pollution sources can often be identified, i.e. point source, line source, and unlocated 
source, as well as areas where no known pollution occur. Each type of area should have an 
individual sampling plan. The more reliable the information about the area, the fewer samples need 
to be taken.   
 
Table 2 Number of samples based on the type and source of pollutants.  
 

 

TYPE OF SOURCE 
 

 

NO. OF SAMPLES 
 

SAMPLING 
APPROACH 

 

EXAMPLE 

 
Point source 

 
3 per area 

 
Judgemental sampling 

 
Tanks and cisterns 
 

 
Line source 

 
1  sample every 10-15 
meter 

 
Systematic sampling 

 
Tracks and roads  

 
Unlocated source 
 
 

 
20-30 if the area is 
smaller than  1 ha 
 
10-20 per ha if the area 
is larger than 1 ha  

 
Stratified random 
sampling 

 
Scrap  
yards, landfills 

 
Areas with no known 
pollutants 

 
5 per hectare 

 
Stratified random 
sampling 

 
Forested areas and 
fields without 
activities 
 

 
Historical records give a first input to the division of areas. Each area should be further divided 
based on geology and filling materials. Stratifying an area has several advantages, but each strata 
needs to be small and carefully defined to be meaningful. If used correctly, a stratification of the 
area nearly always results in a smaller variance for the estimated mean (Cochran, 1977). To get 
meaningful stratum, the approach is to get as small a strata as possible. 
 
When adapting the sampling strategy to each individual site, it is possible to get sampling that 
represents the surface better. Indeed, sampling expenses will increase compared to the suggested 
sampling density in MIFO, but these costs will average out in a later remediation situation. It is a 
question of what stage to invest the money in. The main advantage with an adapted sampling 
strategy is that the risk of wrongly classifying a site is reduced.  
 

4 CONCLUSIONS 
 
Two major sources of uncertainty will affect the outcome of an investigation, i.e. uncertainties in 
the data included in the decision model and how the selected data is used.  
 
In the investigation of the contaminated site at Notviken, the uncertainties are caused by the 
inherited variability of the sampled material and the random nature of contamination. Depending on 
where the sample is taken, the levels of contaminants differ. Few samples will not clarify the 
complexity of a contaminated site and may lead to faulty decisions in a final assessment. By 
increasing the number of samples, more reliable estimates can be made.    
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In the landfill siting case, uncertainties are seen not only in the source data, but also in the choice of 
information to include and how the information is used. The project has yielded insufficient 
quantitative information on this issue, though these variables have been shown to affect the final 
choice of the localization site.  
 
The two case studies represent decision situations were no guidance and strict guidance are found. 
Having no guidance in the selection and weighing of criteria will make different cases incomparable 
and the result of the outcome unpredictable. In the landfill siting study in Norrbotten, no group 
selected the same site, since the selection and weighing of criteria differed. This proves the need for 
guidelines in the selection process. However, having strict guidance in decision-making also 
becomes an obstacle in the decision-making process. The investigations at the contaminated site at 
Notviken show that a strict model is not applicable at all sites. The risk is that contamination is over 
or underestimated, perhaps leading to unexpected costs as well as a waste of resources in a 
remediation situation. By adapting the sampling approach to each individual site, sampling can be 
done more effectively and the risk of wrongly classifying a site can be reduced.  
 

5 FUTURE RESEARCH 
 
Future research involves how to include uncertainty modelling as a standard in all environmental 
decision-making processes. Tools are needed to aid decision-makers in expressing the maximum 
accepted uncertainty in the outcome. To assist in uncertainty modelling, uncertainty analysis can be 
incorporated in the software of geographical information systems, thereby making it available for 
non experts.  
 
Guidance for selecting and weighing criteria in decision-situations must be developed, as well as 
models that consider the case specific demands and conditions.  
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