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2. Introduction  

 

Scientific advice to an environmental policy maker or manager typically relies on one, or a 

combination of, data collection and modelling.  Environmental data are rarely certain or 

‘error-free’.  Rather, the combined effects of measurement error, sampling, interpolation 

and re-scaling, among others, can lead to uncertainties about the underlying variables, 

which may be significant for some applications (Zhang and Goodchild, 2002).  Similarly, 

environmental models are inherently imperfect because they abstract and simplify real 

patterns and processes.  Indeed, an important aim of modelling is to establish the simplest 

description possible for adequately addressing a particular problem.  Uncertainties in 

environmental data combine with uncertainties in models and lead to uncertainties in model 

predictions; that is, uncertainties propagate through models. 

 

Several schemes exist for specifying uncertainties in model inputs, structure, and 

parameters, and for propagating uncertainties through models.  For example, in order of 

increasing detail, the specification may comprise bounds, scenarios, membership functions, 

means and covariances, or full probability density functions (pdfs).  Their propagation 

calculi are, respectively, interval arithmetic (Jaulin et al., 2001) or parameter- and state-

bounding algorithms (Schweppe, 1968), repeat simulation, fuzzy logic (Zadeh, 1978), and 

the error-propagation equations (Taylor, 1997), Monte-Carlo simulation (Hammersley and 

Handscomb, 1979), or direct probabilistic modeling with the Fokker-Planck equation 

(Jazwinski, 1970).  Of these methods, Monte Carlo simulation is the most widely 

applicable propagation technique, since it invokes fewer assumptions and requires less 

user-input than other methods.   

 

This report deals mainly with uncertainties in scientific models.  However, in general, these 

uncertainties cannot be separated for the wider social, political and institutional contexts in 

which uncertain are used.  The report begins by defining ‘uncertainty’ as the basis for a 

discussion on the sources and instances of uncertainty in environmental models (Section 3).  

Uncertainties in model inputs are discussed in Section 4, while uncertainties in models 

(parameters, structure, solution etc.) are discussed in Section 5.  Section 6 reviews the 
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procedures available for propagating uncertainties through models (the ‘forward problem’), 

while Section 7 considers the ‘inverse problem’ of reducing uncertainties in model 

parameters and states with observations.  Finally, the problem of partitioning the total 

uncertainty in model predictions among the different uncertain components of a model is 

considered in Section 8.  Areas for further study are highlighted in the conclusions.  The 

report is based on a series of peer-reviewed journal articles, book chapters and conference 

papers, for which abstracts are provided in Appendix A.   

 

3. The nature of ‘uncertainty’  

 

3.1 Defining uncertainty 

Numerous taxonomies of imperfect knowledge have been proposed in recent years, 

including schemes that focus on general types of imperfect knowledge (Smithson, 1989; 

Faber et al., 1996; Ayyub, 2001) and taxonomies that focus on specific sources of 

imperfect knowledge (Wätzold, 2000). An important barrier to achieving a common 

understanding or interdisciplinary framework is the diversity of meanings, both within and 

between disciplines, associated with terms such as ‘uncertainty’.  For example, some 

authors equate uncertainty with ‘doubt’ or ‘unsureness’, while others include in their 

definitions sources of uncertainty, such as imprecision and randomness. Extreme forms of 

scientific uncertainty are often equated with ignorance (Smithson, 1989; Walker et al., 

2003), yet ignorance may include unawareness of the significance, or even existence, of 

relevant factors. A further impediment is the depth to which different meanings are 

embedded in particular disciplines.   

 

In this report, uncertainty is regarded as doubt about reality, because doubt influences the 

quality and expediency of decisions. Imprecision, incompleteness, variability, vagueness, 

and randomness are all sources of doubt in particular cases.  More generally, reference is 

made to the credibility of, and confidence in, models, and the extent to which their 

predictions and explanations are believed.  The subjectivity implied by “credibility” and 

“belief” reflects the status of uncertainty in the scientist’s or decision maker’s mind. States 

of belief range from being certain to believing that nothing useful is known. Treating 
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uncertainty as a state of belief allows instances of certainty to be treated alongside instances 

of uncertainty, and acknowledges the possibility that we can be certain and wrong (i.e. have 

a mistaken belief caused by misreporting, ignorance, prejudice and/or erroneous 

generalisation from evidence) (see Brown, 2004 also).  

 

3.2 References to ‘uncertainty’ in the European Water Framework Directive (WFD) 

Newig et al. (in press) review the importance of uncertainty in the WFD.  They note that 

‘uncertainty’ is not explicitly mentioned in the WFD, but that an “adequate level of 

confidence and precision” is required in relation to: (i) the process of establishing reference 

conditions for surface water body types (Annex II 1.3 WFD); (ii) monitoring the ecological 

and chemical status of surface waters (Annex II 1.3 WFD); and (iii) the identification of 

trends in groundwater pollution (Annex II 2.4 WFD).  In referring both to “confidence” and 

“precision”, the WFD arguably covers both the ‘people-driven’ aspects of uncertainty (i.e. 

expert judgement) and the technical (data- or model-driven) ones.  Furthermore, a cursory 

inspection of (i)-(iii) indicates that quite different sources and types of uncertainty may be 

involved at various stages of implementation.  For example, (i) may involve large 

conceptual uncertainties, where issues of ‘representativeness’ and ‘bias’ will be particularly 

important.  In contrast, observational (e.g. instrument) uncertainties are likely to be more 

important for (ii), while (iii) may involve significant uncertainties from modelling (i.e. 

establishing a trend).  While the WFD only alludes to the problem of uncertainty, the WFD 

guidance documents, such as WATECO, IMPRESS and PROCLAN are more explicit in 

their references to uncertainty (Newig et al., in press).  However, there are some (apparent) 

inconsistencies in the way ‘uncertainty’ is viewed between documents, with WATECO 

(concerned with economic factors, decision-making and information management) and 

IMPRESS (concerned with pressures and impacts) referring regularly to uncertainty as a 

temporary situation or ‘information gap’, while PROCLAN (concerned with river basin 

planning) refers to uncertainty as ‘the occurrence of events that are beyond our control’ 

(Newig et al., in press).  In practice, both of these views may be valid in different 

situations.  For example, some uncertainties are more or less reducible over time (often it is 

difficult to know which ones), but new types and sources of uncertainty will always emerge 

in a variable system. 
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4. Uncertainties in model inputs  

 

4.1 Methods for assessing uncertainty in model inputs 

In order to communicate data uncertainties in a concise and broadly understandable way 

and to examine their impacts on subsequent operations (e.g. models), a metric is required 

for describing uncertainties in model inputs.  Depending on the amount of information 

available, different metrics are appropriate.  For example, when all of the possible 

outcomes of an uncertain event are known, together with the probabilities of each possible 

outcome, a probability distribution function (pdf) can be defined (Bernardo and Smith, 

2000).  In the absence of information about probability, it may be possible to ‘bound’ the 

range of outcomes with a minimum and maximum occurrence or a confidence interval 

(Norton, 1996).  If some of the possible outcomes are considered unknown, the maximum 

and minimum values cannot be defined.  In that case, the remaining possibilities can be 

listed and used in a ‘scenario analysis’ (Ayyub, 2001). 

 

For situations in which pdfs can be estimated reliably, they confer a number of advantages 

over non-probabilistic techniques.  For example, there are well-established methods for 

describing inter-dependence or correlation within and between variables, methods for 

propagating uncertainties through models and methods for tracing the sources of 

uncertainty in models (Heuvelink, 1998). 

 

4.2 Probability models 

In order to represent uncertainty with a pdf it is necessary to choose the shape function 

(assuming the pdf is parametric) and to estimate its parameters at each point in space and 

time.  For example, the pdf for a single variable (e.g. Chlorophyll-a) at a single point in 

space and time may follow Normal distribution with mean µ and standard deviation σ.  For 

quantities that vary in space or time, or for multiple related quantities, the pdf comprises the 

marginal pdfs (mpdf) at each space time point, together with any correlations between 

them.  The patterns of uncertainty in time and space (autocorrelation) are important because 

the impacts of correlated error may differ substantially from those associated with random 

error in environmental research.  Similarly, when many different variables are used in a 
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model, ‘cross-correlation’ is important because extreme values in one variable may 

coincide with extreme values in another.  For example, the biological and chemical 

parameters of a lake are strongly correlated, and hence the uncertainties associated with 

spatial interpolation of these properties are also correlated.   

 

Figure 1: example probability models for (a) a continuous numerical variable, (b) a categorical variable and 

(c) two statistically dependent (cross-correlated) continuous numerical variables.  Inset (d) shows the spatial 

patterns of uncertainty (autocorrelation) for a continuous numerical variable in the form of a ‘variogram’.   
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Examples of pdfs for uncertain environmental variables are shown in Figure 1.  Figure 1a 

shows a pdf for a continuous numerical variable while figure 1b shows a pdf for a discrete 

numerical variable.  Figure 1c shows a joint pdf for two uncertain numerical variables, 

where the deviation from a circular shape denotes statistical dependence or ‘cross-

correlation’ between the variables.  Figure 1d shows a semivariogram model, which 

describes the correlations between points as a function of their separation distance 

(Goovaerts, 1997). 

 

While numerous parametric models are available for marginal pdfs (figure 1a/b) few 

models are available for the statistically dependent joint pdf (figure 1c).  In the absence of a 

simple model, the joint probabilities of each combination of variables at each space-time 

coordinate must be defined explicitly.  This is prohibitive for variables that occupy more 

than a few coordinates.  Thus, for continuous numerical variables, a common assumption is 

that the pdf follows a joint-normal distribution.  This assumption greatly simplifies the pdf 

because it requires only a vector of means and a covariance matrix for complete 

specification.  However, for many practical cases, including those involving discrete 

numerical or categorical variables, a joint normal distribution is not appropriate.  In that 

case, there are no generally applicable methods for simplifying the joint pdf while 

preserving the correlations between variables. 

 

Pdfs, and uncertainty models more generally, may be estimated through a ‘data-driven 

approach’, based on sample data, or a ‘people-driven approach’, based on expert elicitation.  

When more accurate data are readily available or observations of one variable can be used 

to diagnose uncertainties in another, expert opinions on the uncertainties in data and models 

may converge.  In contrast, when a ‘people-driven approach’ is required, estimates of 

uncertainty may differ substantially between individuals and groups of scientists.  

 

4.3 Data-driven approach 

Many environmental variables are defined through field or laboratory measurement, which 

leads to measurement uncertainty.  Measurement uncertainty can be estimated through 

comparisons with more accurate data, through laboratory testing of measurement 
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instruments, or through repeat measurement with the same instrument (assuming constant 

environmental conditions).  While the former provides an indication of accuracy or ‘bias’, 

the latter two approaches only indicate precision.  In general, measurement uncertainties are 

assumed normally distributed, uncorrelated and unbiased, although this assumption is often 

unrealistic.  When exhaustive data are required but only partial observations are available 

they must be interpolated, which leads to interpolation uncertainty.  Interpolation 

uncertainty generally increases with sample distance and environmental variability, but also 

depends on the interpolation algorithm employed (Goovaerts, 2001).   

 

In order to interpolate environmental data, and to assess the uncertainties associated with 

space-time interpolation, some assumptions must be made about the behaviour of 

environmental variable(s) at unmeasured times and locations.  In other words, data-driven 

approaches are often based on a combination of observing and ‘modelling’.  A common 

approach to sampling environmental variables involves separating the field site into 

‘homogeneous’ units, sampling these units and calculating a within-unit sample mean 

(‘best estimate’) and variance (uncertainty).  In practice, however, it may not be possible, or 

appropriate, to separate environmental variables into ‘homogeneous’ units, but to assume 

instead that they vary continuously in space and time.  Other statistical techniques, such as 

time-series analysis and geostatistics, are available to interpolate continuous data from 

partial measurements and to estimate the uncertainties associated with this interpolation 

(Goovaerts, 1997, 2001).  For objects that occupy discrete space/time coordinates, such as 

the trees in a forest, discrete statistical models, such as marked point processes, are 

available to describe their positional and attribute uncertainties (Harkness and Isham, 1983; 

Gavrikov and Stoyan, 1995).    

 

When environmental variables are clustered thematically, categorical data may be used to 

summarise these variables.  In an uncertain categorical variable, each location has a single 

‘true’ outcome (as far as the categories are identifiable and sufficient) but the precise 

outcome remains unknown.  The probability of each outcome can be described with a 

discrete pdf for that location.  In general, however, categorical variables will not follow a 

simple shape, such as a Poisson distribution.  The probability of multiple outcomes 



HarmoniRiB                                      December 2005   Deliverable D2.2  

 11 

(locations or variables) occurring together requires a joint pdf for those outcomes, including 

any correlations between them.  Capturing this dependence is important, but not 

straightforward.  In recent years, geostatistical techniques have been developed and applied 

for handling spatial autocorrelation in uncertain categorical data (Bierkens and Burrough, 

1993; Finke et al., 1999; Kyriakidis and Dungan, 2001), but identifying realistic pdfs 

remains inherently difficult in practice.  Often, categorical data are not used directly in 

environmental models, but rather continuous variables are related to categorical data using 

statistical models such as ‘transfer functions’.  Similarly, as categorical data are often 

derived from models with continuous numerical inputs (e.g. a classification of 

‘environmental quality’ from continuous variables), the pdf may be better defined through 

an uncertainty propagation analysis. 

 

When spatial or temporal data are defined with a different scale or ‘support’ from that 

required for a given application, these data must be aggregated or disaggregated to an 

appropriate support (Heuvelink and Pebesma, 1999).  Aggregation or disaggregation of 

data is commonly referred to as the ‘change of support problem’ (Journel and Huibregts 

1978), the ‘modifiable areal unit problem’ (Cressie, 1993) or the ‘scale problem’ (Burt and 

Barber, 1996).  In practice, space-time aggregation should lead to a reduction in uncertainty 

and to an increase in spatial autocorrelation, because much of the variability at finer scales 

is lost and, thus, disappears as a source of uncertainty and spatial divergence (Heuvelink 

and Pebesma, 1999; Cressie, 1993).  In contrast, space-time dissaggregation will lead to an 

increase in uncertainty and a reduction in spatial autocorrelation because the attribute 

variability is increased at finer scales. 

 

4.4 People-driven approach 

Estimating the parameters of a probability model will always require ‘expert judgement’, 

because data must be processed and interpreted by people. However, in the absence of 

sample data, expert judgement may be the only means of estimating these parameters.  So-

called ‘expert elicitation’, which formalises the process of estimating probability models 

through expert judgement (Cooke, 1991; Kaplan, 1992), has not been widely used in 

biology or ecology (see Morgan et al., 2001 for an example).  Here, the probability models 
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were found to be highly sensitive to the questions posed in eliciting a parameter value and 

to the people estimating those values (e.g. Morgan and Henrion, 1990).  In principle, 

therefore, expert elicitation should aim to canvass a range of informed opinion about 

uncertainties in data, but in practice, this may not be possible, and excessive optimism or 

pessimism will not simply be confined to individuals.  Nevertheless, it will often be 

necessary to quantify the uncertainties associated with environmental data through a 

‘people-driven’ approach. 

 

5. Uncertainties in models 

 

5.1 Sources of uncertainty in models 

Environmental models are inherently imperfect because they abstract and simplify real 

environmental patterns and processes.  Indeed, an important aim of modelling is to 

establish the simplest description possible for adequately addressing a particular problem.  

Uncertainties in model predictions originate from uncertainties in input data, which include 

measurement, interpolation/extrapolation and re-scaling errors (see above), and in models, 

which include uncertainties in the structure of the model (conceptual or logical 

uncertainties), uncertainties in model parameters and uncertainties in the solution of the 

model (figure 2).  Given uncertainties in model inputs and models, an uncertainty analysis 

aims to identify how these uncertainties ‘propagate’ to model outputs (the forward problem: 

Section 5).  In practice, however, as model uncertainties are difficult to estimate a priori, it 

may be useful to integrate the results of the ‘forward problem’ with observations.  If these 

observations allow some of the original models to be rejected as improbable, the original 

assessment of model uncertainty should be improved (the inverse problem: Section 6).   

 

In practice, environmental models are extremely diverse both in structure and in 

application, ranging from computational hydrological models to experimental field sites for 

perturbing ecosystem structure and function.  The factors that lead to uncertainty about 

scientific models are similarly diverse.  They include incomplete identifiability of model 

parameters and poor observability of model state variables, limited quality of explanations 

and predictions, the need for re-scaling of model components or aggregation/disaggregation 
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of the results, over-parameterisation, and extrapolation of model predictions.  Typically, 

however, relatively few of these sources of uncertainty are documented or incorporated a 

formal uncertainty analysis, with a tendency to focus on lumped measures, such as 

predictive performance, that reflect easily quantifiable sources, such as parameter 

uncertainty, and refer to errors in specific predictions rather than the information content of 

those predictions. Yet, in a decision-making context, the levels of uncertainty on model 

predictions (statistical accuracy and precision) are typically less important than questions of 

interpretation, given the limited depth and breadth of the information they convey.  

 

Figure 2: uncertainties in model inputs combine with uncertainties in the model (parameters, structure and 

solution) and propagate through the model leading to uncertainties in model predictions.  Model parameter 

values may be calibrated against uncertain observations through ‘inverse modelling’.  Similarly, uncertain 

state variables may be updated with observations (‘data assimilation’).  Joint updating of model states and 

parameter values is known as Stochastic Identification Theory.   
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have similar characteristics to its prediction errors in the past.  If too few data are available 

to test predictive performance in this way, but uncertainty in the model inputs, parameters 

and structure can be specified, output uncertainty can be assessed indirectly by propagating 

uncertainty through the model (Section 5).  For the more complex cases in which predictive 

uncertainties change through time or in space, these direct and indirect techniques can be 

combined within a data assimilation framework (Section 6).  

 

However, there are less favourable situations in which uncertainty assessment is unable to 

establish the credibility of model predictions, or may itself lack credibility.  First, the inputs 

considered in environmental management may not lend themselves to efficient or effective 

characterisation by any established techniques.  An example is a rainfall time-series where 

single, large, events may be as important as long-term averages, but are so variable that a 

probabilistic description is difficult and a “worst-case” prescription of bounds is risky or 

conservative.  An important question is how much uncertainty to admit in the specification 

of uncertainty itself.  Secondly, environmental phenomena are usually difficult to model 

fully, so systematic modelling error appears in the predictions.  Thirdly, management 

actions often entail changes (e.g. in land use) which alter the system in ways that are 

unforeseeable or only qualitatively foreseeable.  Fourthly, future environmental 

consequences of management decisions may be ignored in a model, either through lack of 

information or because they are unforeseen.  Fifthly, uncertainty assessment of a large 

simulation model is not a routine exercise; the curse of dimensionality can still impose an 

uncomfortable compromise between computing time and thoroughness.  For a non-linear 

system, solution times can make it impossible to verify that all significant, qualitative, 

features of a models response to uncertainty have been explored. 

 

These five potential difficulties point to specific sources and types of uncertainty: 

 

1. prediction uncertainty due to systematic modelling error, which may grow with time;  

2. uncertainty due to system change induced by management action; 

3. uncertainty due to responses missing from the model (like the previous type, a special 

case of prediction outside the range of validity of the model) and; 
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4. uncertainty incompletely investigated because of the complexity of the model or of the 

uncertainty methods. 

5. uncertainty about the extent of uncertainty, which should be reflected in the method 

chosen to describe it. 

 

Some methods are available to avoid the worst consequences of neglecting these 

uncertainties.  For example, a grossly mistaken specification of input or model uncertainty 

may be detectable through a lack of credibility of the resulting predictions (e.g. their range).  

Regularisation (Tikhonov and Arsenin, 1977) can impose credible limits on gross 

behaviour by, for example, preventing over-parameterisation and the implausible 

predictions that result from this.  In this context, inversion of the range of credible or 

‘acceptably uncertain’ model-output behaviours to find the corresponding input or model-

parameter uncertainty may be helpful, and is the basis of Regional Sensitivity Analysis 

(Spear et al., 1994).  

 

To minimise systematic uncertainty (including bias) in model predictions, discrepancy 

between the system and model behaviour must be monitored.  The gradual effects of 

mismodelling may be detectable through temporal variation of recursively updated 

estimates of model parameters, represented as random walks (Norton, 1975).  Abrupt 

effects may be identified through inconsistencies with the specified input and observation 

uncertainties (Weston and Norton, 1997) without any probabilistic specification of the 

changes. 

 

However, for problems involving significant unquantifiable uncertainties, these methods 

can appear limited or even negligent.  This is a criticism not of quantification itself but of 

how an uncertainty analysis is conducted when significant unquantifiable uncertainties 

exist.  In such cases, which are typical for environmental decision-making (Handmer et al., 

2001), an acknowledgement of all the major sources of uncertainty is imperative.  To this 

end, simple methods for cataloguing and describing (ranking, quantifying, comparing) the 

major sources of uncertainty in data and models have recently been advocated (e.g. 

Funtowicz and Ravetz, 1990).  
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Omissions are not the only hazards in transmitting model-based information from modeller 

to user.  A fundamental problem is how to convey the essence of a large mass of 

information on the complicated effects of many contributing uncertainties in a concise form 

that is useable in decision making.  Human decision-making does not weigh a large number 

of things against each other.  It selects (or has selected for it by external pressures), perhaps 

from a long list, a few factors regarded as important, and then weighs them.  

 

5.2 Structural uncertainty in models 

To date, uncertainty analyses of environmental models have typically focused on model 

inputs and parameter values, as evidenced by the range of schemes available for input 

uncertainty propagation and for evaluating plausible parameter values (e.g. Jansen et al., 

1994; Heuvelink, 1998; Hanson, 1999; Beven and Freer, 2001; Vrugt et al., 2003). The 

focus here partly reflects a consensus that model inputs and parameters are an important 

source of uncertainty in simulation predictions.  However, it also reflects the relative ease 

with which uncertainty in model inputs and parameters can be quantified in comparison to 

assessments of structural uncertainty in models.  In practice, structural uncertainty may be 

more important than parameter uncertainty in evaluating model performance, but such 

uncertainties are difficult to assess explicitly or to separate from other uncertainties during 

the calibration process (Beven and Binley, 1992).  For example, in a study of the Uhlirska 

Catchment, Czech Republic, Blazkova et al. (2002) found that uncertainties in the water 

table depths predicted by TOPMODEL could be attributed to uncertainties in the 

topographic data or to structural uncertainties in the model, for which further interpretation 

was difficult.  However, Mackay and Robinson (2000) successfully evaluated the internal 

contradictions or “semantic errors” (one form of structural problem) between hydrological 

submodels in predicting water table depths with TOPMODEL. 

 

In principle, the impacts of structural uncertainty should be evaluated by exploring different 

process formulations or, less ideally, by adding correlated noise to model structures (e.g. 

Van Griensven and Meixner, 2004).  In practice, however, identifying alternative process 

formulations or appropriate levels and patterns of noise is not straightforward.  Refsgaard et 

al. (2006) explore a range of strategies for assessing structural uncertainties in models. 
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Their strategies fall into two categories depending on whether field data are available for 

the predicted variable of interest.  They argue that most research has focussed on situations 

where field data are available to assess structural uncertainty.  This corresponds to a 

situation of ‘interpolation’.  However, in many cases environmental models are used for 

‘extrapolation’; that is, beyond situations for which field data are available. Refsgaard et 

al., provide a new framework for assessing structural uncertainty in models used for 

extrapolation. It requires the application of multiple conceptual models (e.g. in a Monte 

Carlo framework), expert judgement of the value or ‘pedigree’ of each model and reflection 

on the extent to which the sampled models adequately represent the space of plausible 

models. 

 

6. Uncertainty propagation (the ‘forward problem’) 

 

When uncertainties in input data and models lead to uncertainties in model output, the 

original uncertainties are said to have ‘propagated’ through the modelling system.  

Depending on the complexity of the model, and the specification of uncertainty, numerous 

methods are available for propagating uncertainty.  For pdfs, these include analytical 

methods, such as the error propagation equations (uncorrelated, normal pdfs) and numerical 

methods, such as Taylor series analysis (of approximately linear models) and Monte Carlo 

simulation (arbitrary pdfs and model complexities).  Of these methods, Monte Carlo 

simulation is the most widely applicable propagation technique, since it invokes fewer 

assumptions and requires less user-input than other methods.  It involves: 

 

i) Repeat N times a, b: 

 a. Generate a set of realisations of the uncertain inputs and model parameters (and 

possibly model structures and solution methods); 

 b. For this set of realisations, compute and store the model output; 

ii) Compute and store sample statistics from the N outputs. 

 

A representative sample from the joint distribution of uncertain inputs and model 

parameters, structure and solution methods can be obtained using an appropriate pseudo-
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random number generator and a sufficiently large sample size (Van Niel and Laffan, 2003).  

The accuracy of the Monte Carlo method is inversely proportional to the square root of the 

number of runs, N, and, therefore, increases gradually with N.  As such, the method is 

computationally expensive, but can reach an arbitrarily level of accuracy.  The standard 

Monte Carlo method can be adapted to reduce the number of simulations required for a 

given level of accuracy in the computed uncertainty.  Examples of modified sampling 

schemes include Latin Hypercube sampling (Rossel et al., 2001) and Markov Chain Monte 

Carlo (Vrugt et al., 2003). 

 

7. Combining model predictions and observations (the ‘inverse problem’) 

 

As initial estimates of model uncertainty may be no more than informed guesses, it is 

useful to update these estimates by comparing model predictions with observations.  So-

called ‘inverse modelling’, which was traditionally used for parameter calibration without 

uncertainty, has been widely used in uncertainty schemes over recent years (e.g. Beven and 

Freer, 2001; Vrugt et al., 2003).  Many of these schemes use Bayes’ theorem, as this allows 

a prior distribution of uncertain input and parameter values to change in response to the 

amount and perceived (weighted) value of information available (Bernado and Smith, 

2001).  The prior is sampled to provide a range of possible models for simulating the same 

problem, and uncertainties are propagated to model outputs by implementing the sample 

(running the models) and recording the results (see above).  In principle, the sample may 

include model structures and solution methods, as well as model parameters (Refsgaard et 

al., 2006).  In practice, most schemes only update model parameter values (and possibly 

state variables: see below).   

 

A common approach to estimating (inverting) model parameters is ‘optimisation’.  This 

involves minimising an objective function, such as the sum of squared deviations between 

model predictions and observations (Duan et al., 1994; Doherty, 2003).  As well as 

providing an optimal set of parameters, most (recent) inversion techniques produce 

calibration statistics, such as parameter and observation sensitivities, correlations and 

uncertainties.  Beven and Binley (1992) propose an alternative approach to parameter 
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calibration and uncertainty assessment.  They argue that a single, optimal, set of parameter 

values rarely exists in environmental modelling.  Given that many sets of parameter values 

can lead to equally good predictions (equifinality), they argue that model simulations 

should include all plausible parameter values.  In the Generalized Likelihood Uncertainty 

Estimation (GLUE) approach (Beven and Binley, 1992), modelling is carried out within a 

Bayesian Monte Carlo framework.  Here, the uncertain predictions (realisations) are 

compared with observations and either accepted as possible or rejected as improbable 

(given a subjective likelihood threshold).  If some results are rejected, the corresponding 

sample can be eliminated from the prior and the resulting, calibrated, distribution used to 

reassess predictive uncertainty.   

 

Inverse modelling is also used to update model states under uncertainty.  Model states are 

predicted variables whose uncertainties reflect a combination of input and model 

uncertainty.  Data assimilation provides a formal framework for merging observations and 

model predictions to better estimate state variables, while accounting for the uncertainties 

in both data sources.  It may be combined with parameter estimation techniques to update 

model parameters and states under uncertainty.  However, it is otherwise distinct from 

conventional approaches to model calibration and validation, which do not directly alter 

model predictions with observations and hence do not fully exploit the information content 

of observations.  In recent years, DA has become increasingly popular in environmental 

modelling, with applications in meteorology (Kalnay, 2002), oceanography (Malanotte-

Rizzoli, 1996) and hydrology (Troch et al., 2003) among others.   

 

DA begins by formulating the model and measurements in state space.  A state space 

representation of a model comprises: 

 

tttt vbxx += −
−

),( 1ψ                                                  (1) 

                                                              

where x
-
t is a vector of states at time t (

- 
denotes not updated), ψ is the model operator, 

which includes the process equations and solution scheme, and b is a vector of forcing 

variables from which the model computes the current state from the last state.  The 
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uncertainties of the model and the forcing are contained in ν, including any uncertainties 

propagated from the previous time-steps. 

 

Given direct or indirect observations of the state variables at one or more locations, the 

measurement equation comprises:  

 

tttt xm ωθ +=                                                       (2) 

 

where mt is the vector of observations at time t and θ is a matrix relating the state variables 

to the observed quantities (e.g. accounting for differences in scale or proxy relationships).  

The observational uncertainties are contained in ω.   

 

Although many algorithms are available for combining (1) and (2), perhaps the most widely 

used algorithm is the Kalman Filter (KF) (Kalman, 1960).  Given a linear combination of 

the observed and modelled state, the KF computes the updated state xt
+
 from the previous 

state and a weighted difference between the forecast state, xt
-
 , and the observation: 

 

)(1

−
−

+ −+= ttttt xmKxx                                               (3) 

 

where mt-xt
- 
is the residual or “innovation” between the observed and forecast state and K is 

a matrix of weights (the “gain”), which describes the relative uncertainty of the model and 

observations.  An optimal, unbiased, estimate of xt
+ 
is equivalent to a gain that minimises 

the uncertainty of xt
+
.  In this respect, the KF is similar to Kriging since it provides the 

minimum variance among all unbiased predictors (Webster and Heuvelink, 2006).  

Although a sequential or ‘online’ formulation of the KF is adopted in (3) (i.e. operational 

forecasting of flood events), smoothing is also possible (i.e. flood hazard mapping).   

 

In practice, the KF is computationally expensive, requiring 2n+1 model evaluations with a 

covariance matrix of up to n
2
 elements (given an n-dimensional model).  Over the past ten 

years, a range of approximate or “suboptimal” KF have, therefore, been proposed.  

Reductions in simulation time and storage are typically achieved through one or a 
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combination of (Todling and Cohn, 1994): 1) covariance modelling; 2) simplification of the 

model dynamics; 3) local approximations, where distant locations are eliminated from the 

covariance matrix; 4) limiting filters, such as a constant gain or ‘steady-state’ KF; and 5) 

Monte Carlo methods.  Of these methods, the Ensemble Kalman Filter (EnKF; Evensen, 

1994), which combines (1) and (5), is perhaps the simplest and most widely applicable 

algorithm, typically requiring only ~100 model runs for a good approximation of xt
+
 

(Madsen and Skotner, 2004). 

 

8. Tracing the sources of uncertainty in model predictions 

 

8.1 Prioritising the key sources of uncertainty 

As resources are always limited, an uncertainty analysis should aim to focus on those 

model components that are likely to contribute most to the uncertainties in model 

predictions.  The contribution of a specific, uncertain component to the overall uncertainty 

in model predictions will depend upon the sensitivity of the model to that component and 

the uncertainties associated with it. 

 

Evaluating the contribution of different sources of uncertainty to the overall uncertainties in 

model predictions is important for: (i) understanding where the greatest sources of 

uncertainty reside and, therefore; (ii) directing efforts towards these sources.  For example, 

De Vries et al. (2003) found that denitrification in the soil column was the main source of 

uncertainty in predicting nitrogen inflow to groundwater in Dutch agricultural soils and 

suggest that improvements in field-based observations and process studies would lead to 

the greatest reductions in these uncertainties.  Of course, too normative an emphasis on 

reducing uncertainty is inappropriate when the outcomes of an uncertainty analysis are 

highly sensitive to the assumptions made in performing that analysis (e.g. model 

uncertainty).  Similarly, it is difficult to separately assess the contribution of model 

structure and parameter uncertainties because: (i) model parameters are empirical 

quantities; they are not inherently uncertain; and (ii) separate assessment relies on 

independent observations, which are frequently not available.  However, it should be 

possible to assess the contribution of different input uncertainties and the total model 
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uncertainty to the overall uncertainties in model outputs.  In most cases, it is neither 

conceptually appropriate nor theoretically feasible to resolve every source of uncertainty in 

model predictions, but it is also important to consider practical arguments when addressing 

specific sources of uncertainty in models.  In particular, there is a need for pragmatism 

when improving model inputs that do not contribute significantly to the overall 

uncertainties in model outputs.  For example, Loague et al. (1989) suggest that 

improvements in a model of pesticide leaching should focus on soil organic carbon rather 

than bulk density, as model uncertainties were more sensitive to organic carbon content 

than bulk density.  Equally, attempts to reduce uncertainty in model outputs must be 

balanced against the range of inputs for which uncertainties are poorly defined or remain 

unknown and against the practical benefits of improving model inputs or structures.  For 

example, high quality input data are of little use when the models themselves are poor or 

inherently uncertain.  Similarly, improvements in models should be justified against the 

need for additional complexity, the accuracy of new concepts, and their relevance, as well 

as the resources required to implement them (Van Rompaey and Govers, 2002). 

 

8.2 Methods for tracing the sources of uncertainty (sensitivity analysis) 

Under the fairly strict assumptions that model and input uncertainties are mutually 

uncorrelated, only quantifiable uncertainties are involved and the model g is continuously 

differentiable with respect to all uncertain inputs, the following holds (Heuvelink, 1998): 

 

2

1

)var()var( 








∂
∂

⋅≈∑
= i

m

i

i
x

g
xy                                              (4) 

 

where the derivative of g with respect to each of the inputs xi is evaluated about its mean. 

That is, the variance of the predicted variable y is the sum of the products of the variances 

from each uncertain input and the squared derivative of g with respect to that particular 

input. This partitioning property allows the user to determine which sources of uncertainty 

are the main contributors to uncertainty in model predictions.  It also allows an assessment 

of how the output variance will decline for a given reduction in the variance from one or 

more inputs.  Clearly, the output variance will mainly improve from a reduction of the input 
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variance that contributes most to the uncertainties in model output (other factors being 

equal).  However, this may not correspond to the input with the largest variance, because 

the model will display different sensitivities to each uncertain input.  Similarly, the 

contributions of the input uncertainties, as well as the magnitude of the output uncertainty, 

will depend upon the specific “case” considered and the types of output predicted.  

 

While it is instructive to consider equation (2), its assumptions of near-linearity in g and 

zero correlation between input uncertainties are rarely met in practice.  Rather, for most 

practical applications, where these assumptions are deemed unacceptable, more advanced 

sensitivity analysis techniques, often based on Monte Carlo simulation, may be employed 

(for reviews see Jansen, 1999; Chan et al., 2000; Helton and Davis, 2003). 

 

9. Conclusions and outlook 

 

A mismatch between the complexity of environmental patterns and processes and our 

ability to capture them adequately for some practical purpose leads to uncertainties in 

environmental data and in the predictions of environmental models.  These uncertainties 

originate from a lack of confidence in data, which include measurement, interpolation or 

extrapolation and re-scaling errors, and in models, which include conceptual, logical and 

computational errors.  Uncertainties in data and models can be described with (among 

others) probability distribution functions (pdfs), for which a number of parameters must be 

estimated a priori.  The parameters of a pdf may be estimated through a ‘data-driven 

approach’, based on sample data, or a ‘people-driven approach’, based on expert elicitation.  

Uncertainties in model inputs and models combine and propagate through a model, leading 

to uncertainties in model predictions.  Uncertainty propagation can be quantified using a 

range of analytical or statistical techniques, depending on the model structure and the 

methods used to assess uncertainty.  Of these methods, Monte Carlo simulation is the most 

widely applicable propagation technique, since it invokes fewer assumptions and requires 

less user-input than other methods.  In assessing model uncertainties, recursive estimation 

of model parameters and states can increase the accuracy and reduce the uncertainty of 
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model predictions while offsetting the worst effects of structural error (bias) in the model 

specification. 

 

Although Monte Carlo simulation has simplified the processes of propagating uncertainty 

through models, the initial specification and recording of uncertainty in different types of 

data remains complex, especially when correlations are involved.  Indeed, while 

Geographical Information Systems have supported continued improvements in data storage 

and analysis over recent years (Burrough and McDonnell, 1998), the storage of information 

on uncertainties remains piecemeal, poorly structured or absent from spatio-temporal 

databases (Shi et al., 2002).   

 

The greatest challenges for the widespread application of uncertainty analyses in 

environmental management are not scientific ones, but social, institutional and practical 

ones (time, resource and expertise-related).  This is evidenced by the discrepancy between 

tools that researchers currently use to assess uncertainty (such as R and Matlab) and those 

that practitioners can reasonably be expected to use with limited time and resources.  In this 

context, future work should focus on: 1) the development of user-friendly tools for 

assessing and propagating uncertainty; 2) training of individuals on how to use them (the 

need for some understanding of uncertainty and statistics cannot be circumvented); 3) 

institutional and legal incentives to support (1) and (2) and for making uncertainties in data 

and models transparent (arguably the WFD is a movement in this direction); and 4) a better 

connection between assessments of technical (‘scientific’) uncertainty and those, often 

much larger, uncertainties that originate from the use of scientific and other knowledge in 

decision making. 
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Appendix A: abstracts of articles on which this report is based  

 

Brown, J.D. (2004) Knowledge, uncertainty and physical geography: towards the 

development of methodologies for questioning belief.  Transactions of the Institute of 

British Geographers 29(3), 367-381. doi: 10.1111/j.0020-2754.2004.00342.x 

 

Abstract:  

 

Although it is widely acknowledged that our understanding of environmental systems 

cannot be reduced to single predictions and unique explanations, determinism remains a 

common strategy in physical geography. This paper argues for explicit assessments of 

uncertainty in environmental data and models as a necessary, although not a sufficient, 

condition for balancing uncertain scientific arguments against uncertain social, ethical, 

moral and legal arguments in managing environmental systems. In particular, this paper 

aims to: (1) demonstrate the importance of assessing uncertainty within a realist research 

framework; (2) consider the nature of scientific uncertainty as the basis for developing 

methodologies that question belief; and (3) explore some important aspects of a 

methodology for evaluating uncertainties in environmental research. 

 

Brown, J.D. and Heuvelink G.B.M. (2005) Assessing uncertainty propagation through 

physically based models of soil water flow and solute transport.  In Anderson M. G. (ed.) 

The Encyclopedia of Hydrological Sciences, John Wiley and Sons, Chichester.  

 

Abstract:  

 

Soil hydrological models are inherently imperfect because they abstract and simplify “real” 

hydrological patterns and processes. Indeed, an important aim of modeling is to establish 

the simplest description possible for adequately addressing a particular problem. Also, 

models are frequently based on input data that are known to be inadequate for some 

practical purpose. Thus, uncertainties in model outputs originate from uncertainties in input 

data, which include measurement and interpolation errors, and in models that include 
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conceptual, logical, mathematical, and computational errors. Understanding the causes and 

consequences of uncertainty in soil hydrological modeling is useful for: (i) establishing the 

utility of data and models as decision-support tools; (ii) directing resources towards 

improving data and models, and (iii) seeking alternative ways of managing soils when the 

opportunities for accurate modeling are limited. This chapter focuses on statistical methods 

for assessing uncertainty in soil data and models, propagating uncertainties through models, 

and assessing the contribution of different sources of uncertainty to the overall uncertainties 

in model predictions. In addition, it explores the impacts of scale, and changes between 

scales, on the outcomes of an uncertainty analysis. It concentrates on physically based 

models of soil water flow and solute transport, and provides numerous examples from the 

literature here. 

 

Refsgaard, J.C., van der Sluijs, J, Brown, J.D., and van der Keur, P. (2006) A framework 

for dealing with uncertainty due to error in model structure.  Advances in Water Resources 

in press 

 

Abstract:  

 

Although uncertainty about structures of environmental models (conceptual uncertainty) is 

often acknowledged to be the main source of uncertainty in model predictions, it is rarely 

considered in environmental modelling.  Rather, formal uncertainty analyses have 

traditionally focused on model parameters and input data as the principal source of 

uncertainty in model predictions.  The traditional approach to model uncertainty analysis, 

which considers only a single conceptual model, may fail to adequately sample the relevant 

space of plausible conceptual models.  As such, it is prone to modelling bias and 

underestimation of predictive uncertainty.  

 

In this paper we review a range of strategies for assessing structural uncertainties in 

models.  The existing strategies fall into two categories depending on whether field data are 

available for the predicted variable of interest.  To date, most research has focussed on 

situations where inferences on the accuracy of a model structure can be made directly on 
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the basis of field data.  This corresponds to a situation of ‘interpolation’.  However, in 

many cases environmental models are used for ‘extrapolation’; that is, beyond the situation 

and the field data available for calibration.  In the present paper, a framework is presented 

for assessing the predictive uncertainties of environmental models used for extrapolation.  

It involves the use of multiple conceptual models, assessment of their pedigree and 

reflection on the extent to which the sampled models adequately represent the space of 

plausible models.  

 

Norton, J. P., Brown, J.D. and Mysiak, J. (2006) To what extent, and how, might 

uncertainty be defined? Comments engendered by “Defining uncertainty: a conceptual 

basis for uncertainty management in model-based decision support” Walker et al. 

Integrated Assessment 4: 1 (2003).  Integrated Assessment in press  

 

Abstract:  

 

Decisions about the exploitation and management of social and natural resources are 

frequently informed by predictions from models. In order to manage the contribution of 

models to decision making, it is important to understand the uncertainties associated with 

these predictions. In practice, this is not straightforward, for several reasons: models are 

structurally diverse, they are used in a wide range of contexts and for many different 

reasons, and the quality of a model’s predictions may be highly case-dependent.  Central to 

coping with this complexity is the need for new concepts that link classes of uncertainty to 

the types of situation in which models are used and the methods available for evaluating 

uncertainty. Walker et al. (2003) propose a scheme for classifying uncertainties in models 

intended for decision support. The purpose of this note is to examine 1) the extent to which 

the aims of Walker et al. are achievable and 2) whether the proposed classification meets 

these aims. 
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Brown, J.D., Heuvelink, G.B.M. and Refsgaard, J.C (2005) An integrated framework for 

assessing uncertainties in environmental data. Water Science and Technology 52(6): 153–

160. 

 

Abstract:  

 

Understanding the limitations of environmental data is essential both for managing 

environmental systems effectively and for encouraging the responsible use of scientific 

research when knowledge is limited and priorities are varied.  Using a combination of 

quantitative and qualitative techniques for assessing probabilities, and acknowledging the 

importance of scenarios where probabilities cannot be determined, an integrated 

methodology is presented for handling uncertainties about environmental data.  The 

methodology is based on a fourfold distinction between the empirical quality of data (and 

the ancillary information, such as 'scale' required to interpret this), the sources of 

uncertainty in data, the 'fitness for use' of the data, and the quality or ‘goodness’ of an 

uncertainty model.  

 

Heuvelink G.B.M and Brown, J.D. (submitted) Representing and simulating uncertain 

environmental variables in GIS. Submitted to International Journal of GIS 

 

Abstract:  

 

Understanding the limitations of environmental data is important for managing 

environmental systems effectively and for encouraging the responsible use of uncertain 

data.  Explicit assessment of the uncertainties associated with environmental data, and their 

storage in a database, are therefore important.  This paper presents a statistical framework 

for representing and simulating uncertain environmental variables.  In general terms, an 

uncertain variable is completely specified by its probability distribution function (pdf).  

Pdfs are developed for objects with uncertain locations (‘positional uncertainty’) and 

uncertain attribute values (‘attribute uncertainty’).  Objects comprising multiple space-time 

locations are separated into ‘rigid objects’, where positional uncertainty cannot alter the 
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internal geometry of the object, and ‘deformable’ objects, where positional uncertainty can 

vary between locations in one object.  Statistical dependence is allowed between 

uncertainties in multiple locations in one object.  The uncertainties associated with attribute 

values are also modelled with pdfs.  The type and complexity of these pdfs depends upon 

the measurement scale and the space-time variability of the uncertain attribute.  The 

framework is illustrated with examples. A prototype software tool for assessing 

uncertainties in environmental data, storing them within a database, and for generating 

realisations for use in Monte Carlo studies is presented. 

 

Brown, J.D. and Heuvelink, G.B.M. (submitted) The Data Uncertainty Engine (DUE): a 

software tool for space-time uncertainty analysis.  Submitted to Computers and 

Geosciences  

 

Abstract: 

 

This paper describes a software tool for: 1) assessing uncertainties in environmental data 

and; 2) generating realisations of uncertain data for use in uncertainty propagation analyses: 

the ‘Data Uncertainty Engine (DUE)’.  Data may be imported into DUE from file or from a 

database, and are represented in DUE as objects, whose positions and attribute values may 

be uncertain.  Objects supported by DUE include spatial vectors, spatial rasters, time-series 

of spatial data, simple time-series and objects that are constant in space and time.  

Attributes supported by DUE include continuous numerical variables (e.g. rainfall), discrete 

numerical variables (e.g. bird counts) and categorical variables (e.g. land-cover).  Once data 

are imported, an uncertainty model can be developed for the positional and attribute 

uncertainties of environmental objects.  This is currently limited to probability models, 

although confidence intervals and scenarios will be provided in future.  Using DUE, the 

spatial and temporal patterns of uncertainty (autocorrelation), as well as cross-correlations 

between related inputs, can be incorporated into an uncertainty analysis.  Alongside expert 

judgement, sample data may be used to help estimate uncertainties in DUE and to reduce 

the uncertainty of the simulated output by ensuring each realisation reproduces the sample 

data.  Most importantly, DUE provides a conceptual framework for structuring an 
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uncertainty analysis, allowing users without direct experience of uncertainty methods to 

develop realistic uncertainty models for their data.   

 

Norton J.P., Brown, J.D. and Mysiak, J. (2005) Uses and Limitations of Uncertainty 

Assessment in Model-based Decision Support.  Presentation at International Symposium on 

Environmental Software Systems 2005, May 24-27, Sesimbra, Portugal.  Paper published in 

International Symposium on Environmental Software Systems 2005, May 24-27, Sesimbra, 

Portugal 

 

Abstract: 

 

The need for users of simulation models in decision making to be able to assess the 

uncertainties in the model predictions is widely recognised and emphasised. Although a 

number of well established techniques exist for describing uncertainty and tracing it 

through a model, it is still difficult to characterise and weigh all significant uncertainties 

affecting model-aided decision making. The paper discusses the sources and types of 

uncertainty and the decision maker’s mental models, and asks how far uncertainty 

assessment can go in this context. 

 

 

 

 


