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Abstract 
In their day-to-day lives, human beings are quite comfortable making decisions based on uncertain information.  
However, in using decision-support tools, natural resource management is conducted based upon the most likely 
or “average” outcome of a given event.  While this is appropriate over a long time period and/or large area, it is 
not appropriate for individual events.  This paper argues that management of natural resources should be 
conducted using the same paradigm that human beings use in every day life: the risk of a given event should be 
known, the potential consequences of that event occurring should be estimated, and a decision should made based 
on the risk of this event relative to the potential consequences.  It is quite possible that this could lead to 
protecting against events that have a low likelihood of occurring, but that would cause catastrophic effects should 
they occur.  A formal analytical structure for doing this is presented, as is a discussion of how adopting such a 
management paradigm will change decision-support tools.  Finally, a description is provided of the new 
visualisation and analytical tools that would be required to employ such a paradigm. 
 
1. Introduction 
Decision-making in human life involves a constant evaluation of risk; “risk” is herein considered to be the 
uncertainty associated with both inputs and outputs associated with a management decision.  An obvious example 
is lottery tickets.  We decide to buy lottery tickets because though the likelihood of winning is low, the potential 
reward is great, and the cost of not winning is usually small: the cost of a lottery ticket.  A less obvious example 
of risk evaluation is that we might decide to consistently follow a certain route home from work.  Though many 
routes are available, we tend to follow the same route each day because that route represents the shortest average 
time to get home.  Also figuring into our decision to take particular route is an evaluation of the cost of risk – the 
cost of taking this route and not arriving home in the fastest possible time is low: a bit of lost time.  However, if 
one absolutely must arrive home by a certain time, one may run the risk of taking a route that is shorter in 
distance, but for which traffic is usually heavier and the likelihood of accidents is higher.  In the latter case, one is 
more likely to get home later, but at certain times the potential reward – getting home sooner – outweighs the risk. 

Given that human decision-making revolves around the management of risk, it is ironic that this is not 
how we manage natural resources.  If one considers forest management, for example, one uses decision-support 
tools that indicate the most likely outcomes of different management strategies; the one that is projected to 
provide the largest return is then implemented.  Similarly, in natural disaster management such as forest fires or 
floods, managers also react to the most likely scenario.  In both cases, the means of determining a land 
management strategy is not the same as evaluating risk relative to consequences.  If human beings managed their 
lives comparably, no one would ever buy lottery tickets (the risk of winning is too low) and everyone would 
always take the route home that was the quickest over the long term (i.e., no consideration of crisis situations or 
unique needs from one day to the next).  In natural resource management, virtually the only sector within which 
risk is part of decisions is in the oil exploration and mining sectors.  These sectors are forced to relate the cost of 
drilling for oil or developing a mine against the consequences of not finding oil or the mineral desired. 

After 10 years of research on uncertainty and many more on quantitative decision-support tools, it seems 
odd that we would continue to employ a management paradigm that is so different from the one used in daily 
human life.  The goal of this article is to discuss why a different decision paradigm is used for managing natural 



resources than is used in every-day human life and the consequences of doing this.  It will then be explained how 
the use of uncertainty can overcome this, and how it would be beneficial to use uncertainty to do so. 
 
2. Co-evolution of Natural Resource Decision-Support Tools and Uncertainty Decision-Support 
Tools 
The state in which natural resource decision-support finds itself presently can be traced to how decision-support 
tools and the study of uncertainty have evolved.  To understand the former, the example of forest management 
decision-support tools is sufficiently general to be useful. 
 
2.1 Natural Resource Decision-Support Tools 
 Prior to the age of widespread access to computers –the mid-1960s – state-of-the-art forest management 
tools tended to be tables or graphical representations of information.  Some well-known examples are stocking 
guides (Figure 1a) that allowed one to evaluate the density of a forest relative to its potential and yield tables 
(Figure 1b) that showed the likely temporal evolution of a “normal” forest.  Such tools were generally poorly 
documented with little or no information about how they were produced or what data were used to produce them.  
Of greatest importance herein is that there was no statement of uncertainty associated with any of the tools – 
something that is perfectly understandable given that the use of statistics and sampling theory was not well-
known. 
 
Figure 1a. Example of forest stocking guide    Figure 1b.  Example of a forest yield 

table. (Gingrich 1964).       (Simplified from Mulloy 1944.)  

 

  10           185  23.5 

  20           420  24.0 

  30           660  15.5 

  40           815  11.9 

  50           934  11.3 

  60         1047  10.3 

Current Annual 
Increment (ft3/ac) 

Total Vol.    
(ft3/ac) 

  Age 
(years) 

 
When computers became relative accessible in the mid-1960s, forest management tools with similar aims 

– i.e., identifying understocked and fully stocked areas, projecting temporal evolution – were produced.  
However, computers provided a more sophisticated means of presentation, and, more importantly, provided 
objective quantitative analysis of statistically rigorous data to produce such tools.  Hence various types of 
sophisticated growth models were produced – e.g., those that focussed on individual tree growth and the spatial 
arrangement of the stand in which a tree was located (e.g., Ek 1974, Tennent 1982).  Complicated linear 
programming models were developed to assist in forest fire planning, harvest scheduling, and others.  Moreover, 
it became standard practice to report the uncertainty associated with model outputs, usually in the form of 
confidence intervals.  These confidence intervals were based on the well-defined errors that are associated with 
statistical sampling from a larger population and tended to only consider a single factor – i.e., there was no 
consideration of error propagation from intermediate models.  For example, volume for a tree or stand would have 



been estimated from ground-based data using a statistically derived function having an associated confidence 
interval for time t1.  This estimated volume would then have been projected to time t2 using a statistically derived 
function having an associated confidence interval.  The confidence interval placed on the estimate at time t2, 
however, would only be the error associated with the temporal model with no consideration of the error associated 
with the tree/stand volume model.  This approach remains largely in place today. 
 
2.2 Uncertainty 
Arguably, the study of uncertainty started coming of age with the widespread availability of computerized 
systems of spatial analysis – generally thought of as geographic information systems (GISs) – that occurred with 
the advent of the low-cost personal computer in the mid-1980s.  The author of this article is someone whose 
interest in uncertainty started at this time and whose interest evolved largely from a growing awareness of the 
fundamental differences between cartographic and ground-based data.  Whereas the uncertainty in ground-based 
data was well-known and readily quantifiable, the uncertainties associated with spatial data bases were initially 
not readily recognised. 

Initial interest in spatial uncertainty tended to be positional (e.g., Dunn et al. 1990).  Given that most of 
the people drawn to the evolving field of GIS were quantitative in nature, positional error – which can be 
quantified and expressed in a manner similar to statistical confidence intervals – was an obvious choice for initial 
studies.  Moreover, in the late 1980s there was a certain naïveté among people working in the spatial community 
about the reliability of different types of map-based data at various spatial scales.  At that time, it was assumed 
that, for example, the topographic slope measured on the ground would not be radically different from slope as 
estimated from a digital terrain model (DTM). 

As awareness and knowledge of spatial uncertainty expanded, people working with spatial data and 
spatial decision-support tools began to recognise the omnipresence of uncertainty and the importance of 
addressing it.  This occurred in the early 1990s and this awareness is reflected in the fact that the present 
symposium – the first ever on spatial uncertainty -- was first held in 1994 (Congalton 1994).  Practitioners at that 
time began expanding their study of spatial uncertainty. 

Among other themes in uncertainty studies, more types of spatial uncertainty than positional began to be 
examined.  There was still a growing interest in positional uncertainty – in part because of evolving access to, and 
improvements in, the Global Positioning System (GPS).  But researchers also began expending effort to 
understand errors of map attributes.  While some of this effort was associated with isorithmic maps having ratio-
level quantitative attributes, others were focussing on the attributes of choropleth maps that are nominal-level and 
qualitative.  Scientists also began to recognise existential error – the likelihood that a boundary on a map does not 
actually exist in the real-world.  

Sources of uncertainty were also a subject of study (e.g., Thapa and Bossler 1992).  Sometimes 
uncertainty was present due to the nature of the data used to produce a map.  For example, the uncertainty (or 
“error”) associated with a topographic map derived from 1:10000 photographs is much smaller than the 
uncertainty associated with a topographic map derived from 1:1000000 photographs.  Uncertainty due to data 
entry was also studied.  This was usually defined as “digitising error” and the associated uncertainty was therefore 
the difference in position of an object on paper and its position in a computer-based version of the data.  People 
also recognised that uncertainty was present due to the classification systems used to create maps – particularly 
choropleth maps derived from interpretive processes – and the cognitive processes used to produced them.  For 
example, soils maps may have Type A defined as “80% A with no more than 20% inclusions of B.”  However, 
when this information is combined with specifications of the minimum mapping unit for a given map, different 
maps are possible – all of which are equally correct (Figure 2). 

To organise the information being produced by such studies, a number of researchers developed error 
models.  The first of these was the epsilon band model (Chrisman 1982) that remains the error model most 
strongly associated with the vector data structure in GIS.  Field-based error models (e.g., Goodchild et al. 1992) 
were also described and they remain most closely associated with the raster data structure in GIS. 

Error propagation has also received considerable attention (Heuvelink 1998).  The study of error 
propagation was initially of interest in spatial systems because of the potential for conducting sophisticated multi-
source data analysis using spatial and aspatial data.  Relative to decision-support tools, it remains an important 
topic because it provides a means to provide estimates of uncertainty that consider a combination of different 
sources of error – something that has been lacking even from aspatial decision-support tools. 



 
 Figure 2. Hypothetical distribution of  polygons of soil types and three equally correct boundary lines between them 

based on the accepted definition that a soil type is at least 80% pure.  
 
 
 
 
 
 
 
 
 
 
 
 
 

The magnitude of different errors has also been studied.  In doing so relative to isorithmic maps (e.g., 
Lopez 2000), one assesses the magnitude of the difference between a ratio-level quantitative variable in the digital 
spatial database and the same variable measured explicitly on the ground for a number of locations.  For 
choropleth maps, there are three possibilities for assessing the magnitude of error.  First, one can examine the 
positional reliability of the mapped lines – i.e., whether or not their real-world coordinates match their digital 
database coordinates.  Second, one can examine the correctness of the attributes with which a polygon is labelled 
(Thierry and Lowell 2000).  Third, provided that the boundaries of the map polygons are not geopolitical or other 
boundaries that exist by definition, one can study the uncertainty associated with the actual existence of a line.  
That is, when one looks at a choropleth map whose polygons are defined by interpretive human processes, it is 
possible that the lines do not in reality exist on the ground. 

All of the topics mentioned have led to a topic currently of great importance in decision-support tools and 
uncertainty: fitness-of-use (De Bruin and Hunter 2003).  The term “fitness-of-use” reflects a recognition that the 
data that we currently possess may not support the analysis that we would like to conduct at a particular spatial or 
temporal scale.  This concept can also be used to diagnose weaknesses in databases for conducting a particular 
analysis or supporting a particular use, and assists in targeting databases whose improvement can most contribute 
to improving the reliability of a given analysis.  While this is an important advance in the way that we think about 
decision support and uncertainty, it does not yet incorporate the concept of risk into the way that we make land 
management decisions.  Nonetheless, the way in which the study of uncertainty has evolved has brought us to the 
point where such an advance is possible. 
 
3. Using Uncertainty and Risk in Natural Resources Decision-making 
So why is it that we are not using the advances made in uncertainty research to include the concept of risk as a 
fundamental input – rather than an after-the-fact piece of metadata – into our natural resources decision-making?  
Simplistically put, and political considerations aside, human beings tend to function with the idea that “the way it 
has always been done” is synonymous with “the only way it can be done.”  This is an important consideration 
given that land management traditionally has been done based on the strategy that is best “on average.”  
Moreover, human beings want to make land management decisions based on information that is “black-and-
white” even though our day-to-day decisions are made on information and preferences that are overwhelmingly 
“gray.” 
 So what does it mean to say that we are not considering risk in our natural resource decision-making?  To 
respond to that question we return to the examples of forest management and forest fire control in an illustrated 
manner.   

Suppose that we know that an application of nitrogen fertiliser will produce an average increase in tree 
growth of 10% + 3%.  An additional analysis determines that a 10% increase is economically viable relative to the 
cost of fertilisation, so the treatment is applied to an area of interest.  While this seems to be an inherently logical 
action, in fact it is only appropriate if one does not have to consider the spatial or temporal scale of management.  
If one is a small landowner, the caveat “average increase” becomes very important, as does the time period over 



which one can expect to realise the gain.  Based on the error/uncertainty statement (+ 3%), applying nitrogen to a 
small woodlot will provide a gain as small as 7% (which may not be economically viable), or as large as 13%.  
Thus rather than knowing the average probable increase, it would be far more useful for a small landowner to 
know the likelihood of obtaining a particular gain, and to assess the cost of the treatment (i.e., the risk) relative to 
the likelihood of particular gain rather than to use an assumption that a 10% gain will be realised. 

For forest fire control, the case of an already-ignited fire is considered.  To combat such a fire, fire 
managers would employ models that are based on the location of fuel sources, the topography of an area, and the 
current or prevailing wind direction and speed; outputs from such models would be the likely direction and rate of 
spread.  Fire suppression activities would then be undertaken to respond to the estimates of the most likely speed 
and direction produced by the model.  However, the accuracy of the location of the fuel sources used for 
modelling purposes might depend on the classification accuracy of the satellite image used to identify the fuel 
sources.  Were the fire to turn unexpectedly due to the presence of an unmapped fuel source, it is conceivable that 
human dwellings would be at risk rather than the recreation area that lies in the most likely direction of the fire.  
To include risk in the decision-making, instead of managing the most likely direction of the fire, it would be 
necessary to know the likelihood of the fire turning towards the human dwellings as well as the likelihood of it 
continuing on its path to the recreation area.  Given such information, the fire manager could then decide if the 
risk of the fire turning towards the dwellings was sufficiently large relative to their value – political, economic, or 
otherwise – to protect against that possibility even if such a likelihood was much lower than for the fire burning 
the recreation area. 
 
4. How to Include Uncertainty Information into Natural Resources Decision-making 
The fire example in particular illustrates a crucial point.  It seems inherently intuitive that we use our decision-
support tools to identify the most likely outcome of a particular event, and then manage our natural resources in 
response to this most likely event.  This is not, however, how we manage our day-to-day lives; instead of 
managing the most likely outcome of a particular situation, we manage the potential consequences relative to the 
risk or likelihood of a given event occurring.  In the context of wildfire (and other catastrophic events), we are not 
really interested in “average fire behaviour” which is what fire models tend to give us.  Rather we are interested in 
“this fire” and how to respond to it.  Similarly, in forest management, we do not want to make a decision about 
whether or not to fertilise “this area” based on an expected average return of 10%; we want to make that decision 
knowing what the likelihood is of getting 7%, 10% or 13%. 

Effectively, therefore, decision-support tools need to provide information that indicates the likelihood that 
the “average outcome” is wrong, the potential consequences associated with even the least likely outcomes, and 
then a human decision-maker must weigh the risks against the potential consequences to decide a final action.  
This is not a matter of simply simulating all possible strategies and estimating the costs and benefits of each.  
Rather this is a matter of providing information as to the potential consequences of an event and giving the 
likelihood/probability of different events occurring.  In Table 1, the conventional management indicates that the 
gain from fertilisation will be 10% + 3%.  However, if a decision-support tool produced the Example 1 
likelihoods, decision-makers would know that there is a 60% chance that a certain treatment would produce at 
least a 7% gain, and a 30% probability that it would produce a 13% gain.  Given the information on the economic 
feasibility of different gains – intentionally specified in probabilistic terms albeit using linguistic constructs -- the 
decision made based on this information might be very different than if the decision-support tool produced the 
Example 2 likelihoods.  The Example 2 likelihoods indicate a high likelihood of obtaining a 7% increase, but only 
a 30% chance of attaining the 10% suggested by the conventional decision-support information. 
 
Table 1. Fictitious example of information produced by a conventional decision-support tool and an uncertainty-based 

decision-support tool. 
Conventional 

Decision-Support 
Information 

 
Alternative Decision Support Information 

Level of Gain Level of 
Gain 

Economic 
Feasibility 

Cumulative Likelihood: 
Example 1 

Cumulative Likelihood: 
Example 2 

10% + 3% 7% Low 0.9 0.9 
 10% Probable 0.6 0.3 
 13% Definite 0.3 0.1 



 
As for what analytical tools or methods exist for producing such information, Bayesian Networks 

(Friedman et al. 1997) are one possibility.  Bayesian Networks fall under the umbrella of Evidential Reasoning 
tools (Peddle et al. 1994) and provide a means for using data and its uncertainty as fundamental inputs into a 
decision-support process.  A Bayesian Network inputs data and associated uncertainty and uses conditional 
probabilities to produce the “likelihood information” presented in Table 1.  Once this information is produced, it 
is the land manager who must assess how risk-averse he/she is and then decide on a course of action.  A key to all 
of this is that the reuslting decision-making process can then better mimic the way in which human beings make 
decisions than the paradigm currently employed. 

So how can this be applied spatially and will it make a difference to the land management decisions we 
make?  As an answer, a fictitious example is presented.  In the traditional approach to land management (Figure 3, 
top row), the likelihood of each area becoming sodic is identified and compared to the community assets to be 
protected.  Because a)the rectangle in the west has the highest likelihood of becoming sodic, b)the area 
surrounding the source of drinking water has a low likelihood of being affected, and c)the rectangle in the 
northeast with a higher likelihood of being affected is not “near” the drinking water source, in conventional land 
management, treatment would be applied to the western rectangle.  However, consideration of uncertainty would 
lead to a completely different conclusion (Figure 3, bottom row).  Though the western rectangle has a high 
likelihood of becoming sodic, its likelihood of becoming sodic is actually as low as 30% (or as high as 90%).  
Moreover, because its boundary is highly certain, any negative effects that do actually occur are likely to be 
confined to the area mapped.  Conversely, the north-eastern rectangle has a likelihood of becoming sodic between 
40% and 50% with a boundary that is highly uncertain.  Moreover, the boundary of the potable water source is of 
medium certainty and may extend as far as the northeastern rectangle (or be further away from this rectangle than 
mapped).  Hence not treating the zone between the north-eastern rectangle and the water source could have 
potentially disastrous consequences.  Thus in the new paradigm, the boundary of the north-eastern rectangle 
would be treated. 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Different methods for determining where to treat to combat dryland salinity.  The top row represents the 
conventional method and the bottom row represents the alternative methodology proposed. 

Proposed Treatment (traditional) 

Treatment 

Medium 
Certainty Treatment 

Community Assets

Potable 
Water 
Source 

Agricultural 
Land 

Likelihood of Salinity 

45 
20 60 

Uncertain 

Highly 
Certain 

 45 + 5 

20 + 15  60 
 + 30 

Salinity Certainty Community Assets Certainty Proposed Treatment 
(uncertainty-based)  

 
This example demonstrates the potential flaw and negative consequences associated with the current land 

management paradigm.  Though protection of the western rectangle – as determined by the conventional land 
management paradigm – is inherently logical, consideration of uncertainty – the alternative, proposed paradigm – 
indicates its potentially hidden flaw.  Clearly this example has been chosen to illustrate and support the points 
made in this paper.  However, it provides a concrete example of how a failure to consider uncertainty can lead to 
less-than-optimal decisions.  Similar effects are likely even when the effects of uncertainty on the decision-
making process are not as obvious. 

This example also demonstrates the potential complexity of the analytical tools that will be necessary to 
employ the suggested uncertainty-based management paradigm.  The examples presented in this article have 



demonstrated the manner in which uncertainty can be included in decision support tools and the type of 
information that can be extracted from such uncertainty-based decision support tools.  However, even the 
simplistic example in Figure 3 demonstrates the need for a computer-based “intelligence engine” to analyse this 
information.  In this example, an extremely small number of spatial entities was considered, and the example was 
designed to lead to a definite conclusion.  In the real-world, however, many more entities will be considered, and 
conclusions will not be as obvious.  Human beings will not be able to absorb and assimilate all of the information 
presented in an uncertainty-based database, and will not have the capacity to analyse all of it efficiently.  This will 
require the creation of new analytical and visualization tools capable of providing humans with a logical summary 
of the uncertainty information present in the system. 
 
5. Conclusions 
Since the early days of decision-support systems, important progress has been made in the study of uncertainty.  
This has the potential to have profound benefits in the area of decision-support tools that incorporate both spatial 
and aspatial data.  We are finally at the point with our understanding of spatial uncertainty and our thinking in 
terms of its practical use that we can envisage creating decision-support tools that better mimic the human 
decision-making paradigm than do existing decision-support tools.  Effectively, this means estimating the 
uncertainty associated with any output of a decision-support tool by using uncertainty as a fundamental input into 
the decision-support tool rather than only reporting uncertainty at the end of an analysis. 
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