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 Visualising Uncertainty in Spatial Decision Support 
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Abstract. Uncertainty is an issue in environmental spatial decision support, as it is in most spatial 
modelling problems. When uncertainty is ignored in spatial modelling, issues can arise around the validity of 
decisions based on these models. This paper discusses sources of uncertainty in Spatial Decision Support 
Systems (SDSS) and introduces the SDSS CaNaSTA (Crop Niche Selection in Tropical Agriculture) based 
on Bayesian probability modelling. CaNaSTA focuses in particular on visualising uncertainty introduced 
through lack of data or knowledge. The SDSS incorporates some sources of uncertainty into the structure of 
the model itself, and provides tools to visualise other sources of uncertainty. Although CaNaSTA has been 
developed for use in agricultural decision-making, the model and tools used to handle and visualise 
uncertainty are applicable to all spatial decision tasks. This paper provides a case-study approach to 
acknowledging this uncertainty and ways of managing it in a spatial decision making context. 
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1. Introduction  
In spatial modelling, it is clearly desirable to reduce uncertainty where possible, and otherwise describe it in 
some way. A trade-off is needed between clear results to guide decision-making, and providing tools to 
explore the uncertainties associated with the results of modelling. Incorporating uncertainty in spatial 
decision support can become complex; however, through careful choice of models and appropriate use of 
spatial technology, uncertainty can be adequately dealt with in many situations. 

This paper discusses sources of uncertainty in Spatial Decision Support Systems (SDSS) and introduces 
an SDSS based on Bayesian probability modelling. CaNaSTA (Crop Niche Selection for Tropical 
Agriculture) focuses in particular on visualising uncertainty introduced through lack of data or knowledge. 

2. CaNaSTA 

2.1. Overview 
CaNaSTA was initially developed for targeting niche tropical forage species to Central America [1]. It has 
since been used in research on specialty coffee [2] and cowpea on tropical hillsides [3]. The purpose of the 
model is to determine where a given species will succeed, or which species will succeed in a given location. 
CaNaSTA is particularly suited to ordinal response variable categories. For example, instead of modelling 
probability of presence or absence, CaNaSTA models probability of a response being in any possible state, 
such as response classes ranging from poor to excellent. 

Bayesian probability modelling is briefly introduced below, followed by a description of how this is 
implemented in CaNaSTA. 

2.2. Bayesian probability modelling 
Bayesian methods provide a “formalism for reasoning under conditions of uncertainty, with degrees of belief 
coded as numerical parameters, which are then combined according to rules of probability theory” [4]. A 
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simple Bayesian model defines prior and conditional probability distributions through a network. The 
probability distributions may be derived from data, set by experts or defined from a combination of data and 
expert opinion. 

A prior probability is an initial estimate that may be modified once more information becomes available. 
Joint probability refers to the probability of two events occurring together, such as a species thriving in a 
location with certain biophysical conditions. Conditional probability is the probability of a response variable 
being in a given state, given that a predictor variable is in a particular state. Posterior probability is the 
probability of a response variable being in a given state, given the values of all predictor variables. 
Conditional probability distributions can be calculated from prior and joint probability distributions, and in 
turn, posterior probability distributions can be calculated from prior and conditional probability distributions. 

Suppose there are n conditionally independent predictor variables denoted X1,…, Xn. It can be shown [1] 
that the posterior probability equation can be written: 
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where P(Y | X1,…,Xn) is the posterior probability of response variable Y given predictor variables 
X1,…,Xn, P(Y) is the prior probability of response variable Y and P(Y | Xi) is the conditional probability of 
response variable Y given predictor variable Xi. 

Bayesian modelling does not seek to predict exact outcomes, but rather the probabilities of various 
outcomes, given the effects of the input factors on each outcome. Therefore, if two variables strongly support 
a given outcome, then the combined effect of these two variables will produce a high probability for that 
outcome. Conversely, if one variable strongly supports an outcome but another variable does not, then the 
probability of that outcome occurring will be lessened. 

The main assumption in Bayesian modelling is that of conditional independence (CI). If two variables 
are conditionally independent, then knowing the state of one variable has no bearing on the probability 
distribution of another variable once the state of the response variable is known. Although it can be 
problematic to assume CI holds in many modelling scenarios, the probability of datasets being conditionally 
dependent can be lessened by using fewer datasets. In addition, some authors [5, 6] question whether CI is 
operationally important. Corner et al. [6] opine that functional independence is more critical. Even if two 
datasets are statistically dependent (for example, because they are derived from a common source), if they 
have different meanings in the model then it may still be valid to include them both. 

2.3. CaNaSTA SDSS   
The Bayesian model employed in CaNaSTA is the simplest Bayesian network possible, with all input 
variables at one level, feeding simultaneously into the output variable. The model produces probability 
distributions of responses at each location, describing variability and retaining full information about this 
variability.  

The CaNaSTA algorithm creates conditional probability tables of all predictor variable categories against 
response variable categories based on available trial data and / or expert knowledge. Predictor variables can 
be any variables for which data is available for the trial sites, and which is considered to relevant to the 
model. A response variable will typically be growth or production characteristics of a species, such as quality, 
yield or adaptation, or can be related to presence and absence. 

Assuming conditional independence, the posterior probability distribution for any combination of 
predictor variable values at a location can be calculated from the conditional probability table. As an 
illustrative example, consider the trials shown in Table 1, where elevation, annual rainfall and length of dry 
season are measured at each site as predictor variables, and adaptation of the species is given an ordinal 
classification of ‘excellent’, ‘good’, ‘average’ or ‘poor’. 

From the data, it can be observed that the species performs well in locations with low elevation, high 
annual rainfall and a short dry season. Applying the conditional probability equation shown above provides a 
predicted distribution of adaptation values for any possible combination of predictor variables. Some 
examples of posterior probability distributions are shown in Table 2. These values can then be displayed in 
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map format, as long as spatial layers exist for each predictor variable. The probability distribution can be 
collapsed into a single value (‘suitability’), but this is simply for ease of viewing a summary of a response 
distribution on a single map. 

Table 1. Elevation (m), annual rainfall (mm), length of dry season (months) 
and adaptation of a hypothetical species at eight trial sites 

Location Elevation Rainfall Dry season Adaptation 

1 327 636 6 good 

2 349 2401 4 excellent 

3 372 1873 3 excellent 

4 24 1799 2 excellent 

5 2061 28 12 poor 

6 20 1512 0 excellent 

7 1234 2007 0 excellent 

8 516 288 12 average 
 

Table 2. Elevation (m), annual rainfall (mm), length of dry season (months) and predicted 
posterior distribution of adaptation for five combinations of predictor variables 

Elevation Rainfall Dry season P(excellent) P(good) P(average) P(poor) 

194 1148 5 59.1% 34.2% 6.1% 0.6% 

22 1095 6 13.3% 86.1% 0.1% 0.5% 

549 546 9 0.3% 3.8% 90.0% 5.9% 

1139 192 12 0.0% 0.0% 85.4% 14.6% 

3118 580 8 0.3% 12.5% 6.3% 80.9% 

In the example above, combinations of low elevation and high rainfall are more likely to have excellent 
adaptation, and as elevation increases, rainfall decreases or length of dry season increases, adaptation is more 
likely to decline. 

The outputs of CaNaSTA include suitability maps, showing posterior probability distributions of 
responses, and certainty maps corresponding to the probability distribution maps. A discussion on how 
uncertainty is specifically addressed in CaNaSTa is given below in section 3.2. 

3. Uncertainty 

3.1. Uncertainty in spatial decision-making 
Uncertainty is a measure of what we do not know, associated with incomplete knowledge of a domain. In its 
broadest interpretation, uncertainty can incorporate error, inaccuracy, imprecision, vagueness and lack of 
confidence, in data, models and results. Uncertainty in the decision-making process arises from two distinct 
sources: ignorance, or limited information; and variability, imprecision or fuzziness [7, 8]. This distinction is 
important as both types of uncertainty have different implications. Ignorance can, theoretically, be reduced 
by increasing knowledge or information, but this is not always feasible in practice. Variability usually cannot 
be reduced, but may be fairly straightforward to describe. 

The purpose of a Decision Support System (DSS) is to provide data, procedures and analytical capability 
leading to better-informed decisions. A spatially enabled DSS requires spatial input data, spatial analysis 
capabilities and / or spatial output. Because a considerable amount of uncertainty stems from spatial 
variation, an SDSS can provide the information necessary to manage some of this uncertainty. 

The issue of uncertainty in spatial modelling has long been recognised (e.g., [9, 10, 11, 12]). Increasingly, 
researchers are exploring how to deal with uncertainties that cannot be reduced and are difficult to describe. 
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Uncertainty in spatial modelling derives from a myriad of sources, including positional inaccuracies, 
attribute uncertainties and structural uncertainties inherent in the modelling process. 

3.2. Uncertainty in CaNaSTA 
Uncertainty is acknowledged in two separate components of the model. Firstly, the choice of Bayesian 
probability modelling allows the handling of uncertainty stemming from variability in the input data. The 
probability distribution of the response at a given location can be interpreted in terms of the certainty that the 
true response value is in a given state. This accounts for some of the inherent variability within trial data (for 
example, under exactly the same conditions, trials may still respond differently). 

 

 

Figure 1. Suitability (top) and certainty (bottom) maps in CaNaSTA 

However, it is also useful to know something about the certainty of the probability distribution itself. A 
certainty value is associated with the probability distribution at each location, derived from the density of 
input data relating to the predictor variable values at that location, or estimated by expert opinion. In the case 
where probability distributions are derived from frequency counts in a trials database, then the certainty 
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value is derived directly from the number of trials. When probability distributions are elicited using expert 
knowledge, certainty measures can also be applied, depending on how much certainty the expert associates 
with their judgment. Certainty values are based on fuzzy logic [13], and are constrained between 0 and 1. If 
there are a large number of occurrences in the trial data with a particular combination of predictors and 
responses, then certainty associated with the conditional probability distribution is deemed to be high. Where 
few or no trials exist, the associated certainty will be low. For each location and for each predictor variable, a 
certainty value is calculated depending on proximity (in predictor variable space) to values of the predictor 
variable at known trial locations. The certainty calculation is distinct and separate from the probability 
calculations, and in essence is an additional value which can be used as a check on the validity of the 
probability distribution. 

When calculating posterior probability distributions, the associated certainty value is calculated by 
combining the certainty values of the constituent conditional probability distributions using fuzzy gamma 
[14]. Gamma operation is a combination of fuzzy algebraic product and fuzzy algebraic sum. The choice of 
weighting parameter γ is subjective and here has been set at 0.3, giving more weight to the fuzzy algebraic 
sum. 

In this manner, maps can be created showing suitability values and certainty values for a particular 
response over an area of interest (Figure 1). Suitability values are calculated as weighted averages of the 
probability distributions at each location, so that a summary of the probability distribution can be shown in a 
single map. Areas showing low certainty can be interpreted as environments where very little data exists. 

Certainty maps can be used in a number of different ways. Firstly, visual interpretation highlights areas 
where results are uncertain. The decision-maker can choose how much influence these results then have on 
the decision. Within CaNaSTA, the certainty maps can be semi-transparently overlaid on any other layer. For 
example, if suitability is shaded from white (low suitability) to blue (high suitability) and certainty is shaded 
from white (low certainty) to red (high certainty), then a single map can be interpreted for both suitability 
and certainty. Secondly, when the tool is being used to examine areas that are ‘suitable’ for some 
phenomenon, the user can decide to exclude from the results any locations with certainty below a given 
threshold, regardless of the suitability value. Finally, certainty maps can be used to pinpoint environments 
where more research, trials or expert knowledge is needed in order to make a decision. 

4. Discussion and conclusions   
The research described above has focused on ways to describe and visualize uncertainty resulting from 
sparse or incomplete knowledge when specifying a model. This is uncertainty stemming from ignorance. By 
associating a certainty value with each set of the response values (i.e. the posterior probability of response 
values), judgments can be made depending on these certainty values. 

An issue with attempting to incorporate multiple sources of uncertainty into a model is that visualising 
the uncertainties can become complex and the sources of uncertainty unclear. If the probability of a 
successful response is low, it could be due to uncertainties in the underlying classification of predictor 
variables, as much as because the most probable response variable classes are unsuitable. Equally, if a 
certainty value is low, it could be due to ignorance about the dependent variables, the independent variables, 
or the processes connecting them. 

More research is needed to determine the best way to codify and propagate uncertainty in a model such 
as CaNaSTA. In addition, there are questions on how decision-makers respond to the inclusion of uncertainty 
measures within decision support tools. It is evident however that issues of uncertainty in spatial modelling 
are increasingly important and cannot be ignored. 

Although CaNaSTA has been developed for use in agricultural decision-making, the model and tools 
used to handle and visualise uncertainty are applicable to many spatial decision tasks. This paper has 
provided a case-study approach to acknowledging this uncertainty and ways of managing it in a spatial 
decision making context. 
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