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Chapter 2

A Broader Context for Uncertainty

2.1 Introduction

The topic of uncertainties is riddled with complexity and confusion. In section 1.2, the reli-

ability and interpretation uncertainties associated with monitoring geomorphological changes

and morphological sediment budgeting were highlighted as the fundamental uncertainties of

interest in this thesis. While this is perfectly reasonable, a more holistic consideration of un-

certainties would provide a more robust context for understanding what these uncertainties

mean, where they stem from and their significance. Thus, the purpose of this chapter is to

unravel the ambiguities surrounding uncertainty about monitoring geomorphological change.

To do this, some nomenclature, and a typology for uncertainty, are presented to delineate

the scope of uncertainty (§ 2.2). Then, existing uncertainty tools in the sciences are re-

viewed (§ 2.3), highlighting the sparse examples of explicit recognition of uncertainty in PHR

where appropriate.1 With the broad scope of uncertainty outlined, as well as the potential

and/or shortcomings of existing techniques for communicating and dealing with uncertainty

already available, the specific question of uncertainty about geomorphological change is revis-

ited (§ 2.4). It is then argued that a basic philosophical strategy for dealing with uncertainty

is needed (§ 2.5) to allow both the individual researchers and PHR practitioners to:

• Explore the potential significance (both in terms of unforeseen consequences and wel-

come surprises) or insignificance of uncertainties.

• Effectively communicate uncertainties

• Eventually make adaptive, but transparent, decisions in the face of uncertainty

Finally, it is argued that amongst the various available strategies for dealing with uncertainty,

the only strategy that might meet the above criteria is one of embracing uncertainty. The

1For a broader review of uncertainty tools in environmental management as well as the sciences, the reader
is referred to Wheaton et al. (2008).
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suggestion is that this framework would be equally applicable to both research problems like

the one addressed here, and broader environmental management problems like PHR.

2.2 Uncertainty Unraveled

To unravel what confusion may exist in the mind of the reader about uncertainty and to

better place this work in context, some basics about uncertainty are reviewed in this section.

First, some of the confusing nomenclature for uncertainties and related misconceptions are

addressed (§ 2.2.1). Next, an existing typology for uncertainty is used to define uncertainty

(§ 2.2.2). Lastly, the question of how knowledge and uncertainty relate is addressed (§ 2.2.3).

2.2.1 A Lexicon of Uncertainty

In the simplest sense, uncertainty can be a lack of sureness about something or someone

(Merriam-Webster 1994). However, uncertainty can be more than simply a lack of knowledge.

It persists even in areas where knowledge is quite extensive; and knowledge does not necessarily

equate to truth or certainty (Van Asselt & Rotmans 2002). There are at least 24 potential

synonyms for the noun uncertainty and 27 synonyms for the adjective uncertain (Table 2.1).

There are a number of concepts related to uncertainty, but which differ from uncertainty

itself. That is, these concepts may stem from or be influenced by uncertainties, but are not

themselves uncertainties. A non-exhaustive selection of these concepts are considered briefly

below. It is important to understand that although the semantics discussed here are based on

a review of the uncertainty literature, definitions and opinions with regards to uncertainty are

inconsistent, contradictory and uncertain themselves.

Accuracy- Accuracy refers to correctness or freedom from errors. In measurements, accuracy

refers to how close an individual measurement is to the ‘true’ or ‘correct’ value (Brown et al.

1994). The classic accuracy analogy is the location of darts on a dart board - the closer the

darts are to the bull’s-eye, the more accurate. If one can be certain about both the ‘true’

value (e.g. the position of the bull’s-eye) and the value of the individual measurement (e.g.

the position of the dart), then the accuracy is actually a certainty. In practice, accuracy

statements are uncertain because ‘true’ values are often assumed and measurements have

limited precision.

Confidence- Confidence in something (such as a statement, a hypothesis, a measurement, a

feeling or a notion) relates to the degree of belief or level of certainty. Confidence levels, for

example, describe the probability that a given population parameter estimate falls within a

designated continuous statistical confidence interval.

Divergence- Divergence describes a situation when similar causes produce dissimilar effects

(Schumm 1991). Divergence relates to uncertainty in situations where problems of cause and

process are under consideration.
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Synonyms of Uncertainty Synonyms of Uncertain
Ambiguity Ambiguous

Indeterminacy Causeless
Capriciousness Capricious

Chance Probabilistic
– Deferred

Danger Dangerous
Disbelief Disbelieving
Doubt Doubtful

Equivocation Equivocal
– Erratic

Expectation –
Future condition –

Hesitation Hesitant
Ignorance Ignorant

Improbability Improbable
Indecision Indecisive

Indeterminacy Indeterminant
Insecurity Insecure

Irresolution –
Obscurity Obscure
Surprise Surprising

– Unauthentic
Unintelligibility Unintelligible

– Unexplained
– Questionable

Vacillation Vacillating
Vagueness Vague

– Undecided
Unsureness Unsure

Unpredictability Unpredictable

Table 2.1: Potential synonyms of the noun ‘Uncertainty’ and the adjective ‘Uncertain.’
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Error- Error is the difference between a measured or calculated value and a ‘true’ value. In

every day conversation, an error is a mistake. In science, error is the metric by which accuracy

is reported and is not a synonym for uncertainty (Ellison et al. 2000). A ‘true’ value is certain

by definition. If one knows the error between the ‘true’ value and a measured or calculated

value there is no uncertainty in principle. However, in practice ‘true’ values are often not known

and instead assumed to be ‘true’; and the measured or calculated value also may have a degree

of uncertainty. Hence error becomes representative of uncertainty. Once errors are calculated,

it can be helpful to consider whether the error is systematic or random. Systematic errors

stem from consistent mistakes and are often constant or predictable, because they affect the

mean of a sample (i.e. bias, Trochim, 2000). Systematic errors potentially can be constrained

as their source is identifiable. By contrast, random errors only influence the variability of a

sample (not the mean), and are generally unpredictable or unconstrainable (Trochim 2000).

Exactness- Exactness is really a synonym for accuracy. However, it is worth pointing out

that exactness has quite a different meaning to exact. Exact statements or exact numbers,

in principle, have no uncertainty about them. They are statements of truth. By contrast,

exactness is a relative measurement assigned to inexact statements or values (i.e. those with

some uncertainty).

Expectation- Expectation has to do with anticipation of probable or certain events. Uncertainty

fundamentally relates to expectations. When uncertainties are unknown, not fully considered

or ignored, the degree that our expectations may be unrealistic will generally increase.

Equifinality- Equifinality (also referred to as convergence), arises when different processes

and causes produce similar effects (Schumm 1991). This is the opposite phenomenon of

divergence. In a modeling context, Beven (1996a) and Beven (1996b) suggest that ‘the

consequences of equifinality are uncertainty in inference and prediction.’ In a social context,

a potentially limitless range of possibilities may lead to a single event, such as the election or

defeat of a politician.

Precision- Precision is a measure of how closely individual measurements or calculations match

one another (Brown et al. 1994). Recalling the dart board analogy, a precisely thrown set

of darts will cluster around one another, but may be nowhere near the bull’s-eye. In mea-

surement, the precision of an instrument refers to the finest-scalar unit the instrument can

resolve. Precision is related to uncertainty in that it defines a detection threshold, below which

differences can not be discerned.

Reliability- In social sciences, reliability is related to the quality of information or measurement

(Trochim 2000). In systems engineering, reliability is the chance that a system or element will

operate to a specified level of performance for a specified period under specified environmental

conditions. Reliability is an important concept in engineering design for assessing thresholds

of failure.

Repeatability- Repeatability can be viewed as either the ability to reproduce the same measure-

ment, result or calculation or the variability in repeated measurements, results or calculations.
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Probability (%) Uncertainty
<1 Extremely unlikely

1 to 10 Little chance or very unlikely
10 to 33 Some chance or unlikely
33 to 66 Medium likelihood
66 to 90 Likely or probable
90 to 99 Very likely or very probable
> 99 Virtual Certainty

Table 2.2: Probabilistic Uncertainty. From Pollack (2003).

Uncertainty can simply limit repeatability or increase variability.

Risk- Risk is a measure of likelihood that a undesirable event or hazard will occur (Merriam-

Webster 1994). Ward (1998) credited Knight (1921) for making the important clarification

between risk and the type of uncertainty for which there exists ‘no valid basis of any kind for

classifying instances’:

‘He used the term “risk” for situations in which an individual may not know the out-

come of an event, but can form realistic expectations of the probabilities of the various

possible outcomes based either on mathematical calculations or the history of previous

occurrences.’

Newson & Clark (2008) contrasted risk (with ‘known’ impacts and probabilities) with un-

certainty (with ‘known’ impacts but ‘unknown’ probabilities) and ignorance (with ‘unknown’

impacts and probabilities).

Sensitivity- Sensitivity refers to either the ability or susceptibility of something or someone to

change (Allison & Thomas 1993). Sensitivity is closely related to the concepts of resistance

to change and thresholds for change, which all have important implications in geomorphology

and ecology (Brunsden 1993). As resistance to change and thresholds for change are uncertain

quantities, sensitivity too is an uncertain concept.

It is worth noting that uncertainty itself, and all the related concepts outlined above are de-

scribed in terms of their ‘degree’. That is, none of these concepts are simple Aristotelian

two-valued logic concepts (e.g. true-false). Each concept is measured along a continuum of

values with end-members that may be described in terms of Aristotelian two-valued logic. For

example, the end-members of uncertainty might be total uncertainty (complete irreducible

ignorance) and certainty. However, a large range of uncertainty measures exist on the con-

tinuum between those two end members. In a sustainable, adaptive management context,

Newson & Clark (2008) described uncertainty and the related concepts of risk2 and ignorance

in terms of knowledge of impacts and probabilities. Table 2.2 describes uncertainty measures

in terms of probabilistic notions.

2See risk definition on page 18.
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Figure 2.1: The Quantifiable Continuum of Uncertainty. Notice that once uncertainties are
acknowledged as unquantified uncertainties, increased knowledge about the uncer-
tainties will determine their position on the continuum.

While probabilistic uncertainty is a quantification of uncertainty, not all uncertainty is quantifi-

able. To quantify uncertainty it is necessary to estimate the degree of our limited knowledge.

Whereas if irreducible ignorance is considered as one extreme of uncertainty, it is difficult at

best to estimate the degree of something that is not even known to exist. Within this broad

view of uncertainty, uncertainty might be considered along a continuum that reflects our abil-

ity to quantify it (Figure 2.1). At one end of the continuum are ‘unquantifiable’ uncertainties;

somewhere further along would be ‘unquantified’ uncertainties (those that in principle could

be either un-quantifiable or quantifiable) and ‘quantified’ uncertainties would be further along

the continuum yet.

In summary, when uncertainty is mentioned casually, it is difficult to discern whether this is a

reference to limited knowledge, a lack of knowledge altogether or one of the above-mentioned

concepts that are influenced by uncertainty. Moreover, the above-mentioned concepts are

highly inter-related and easily confused. Similar to vague, pseudo-scientific buzzwords and

catch-all phrases like holistic and integrated, uncertainty alone has little meaning until its

details are unraveled and an attempt to understand it is made.

2.2.2 An Existing Typology for Uncertainty

Classification is often used as an alternative to formal definition of uncertainty because un-

certainty is so hard to define (Van Asselt & Rotmans 2002). The utility of any typology or

classification system is ultimately dependent on its application (Kondolf 1995, Lewin 2001).

Rotmans & Van Asselt (2001, p. 112) astutely pointed out, ‘there is not one overall typology

that satisfactorily covers all sorts of uncertainties, but that there are many possible typologies’.

For example, the Intergovernmental Panel on Climate Change (IPCC) defined guidelines for

all working group authors of the Fourth Assessment Report of the IPCC - Climate Change

2007 that included a rather simple typology for uncertainty (Table 2.3). The important point
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Type Indicative examples of
sources

Typical approaches or con-
siderations

Unpredictability Projections of human behaviour
not easily amenable to predic-
tion (e.g. evolution of political
systems). Chaotic components
of complex systems.

Use of scenarios spanning a
plausible range, clearly stat-
ing assumptions, limits con-
sidered, and subjective judg-
ments. Ranges from ensembles
of model runs.

Structural uncer-
tainty

Inadequate models, incomplete
or competing conceptual frame-
works, lack of agreement on
model structure, ambiguous
system boundaries or defini-
tions, significant processes or
relationships wrongly specified
or not considered.

Specify assumptions and sys-
tem definitions clearly, compare
models with observations for
a range of conditions, assess
maturity of the underlying sci-
ence and degree to which un-
derstanding is based on funda-
mental concepts tested in other
areas.

Value uncertainty Missing, inaccurate or non-
representative data, inappropri-
ate spatial or temporal resolu-
tion, poorly known or changing
model parameters.

Analysis of statistical proper-
ties of sets of values (observa-
tions, model ensemble results,
etc); bootstrap and hierarchical
statistical tests; comparison of
models with observations.

Table 2.3: A simple typology of uncertainties used by the IPCC. From the Appendix (WMC &
UNEP 2005) of the IPCC (2007) Contribution of Working Group I to the Fourth
Assessment Report of the Intergovernmental Panel on Climate Change.

is that the typology is fit for its purpose. The IPCC typology needed to be clear when com-

municating uncertainty to a very diverse audience from mixed lay and technical backgrounds

(IPCC 2007).

In the context of this thesis and review, a typology was sought which considered sources

of uncertainty and did not unnecessarily ignore any type of uncertainty. Thus, the existing

Van Asselt (2000) typology was chosen over others in the literature because of its generic

and holistic consideration of uncertainty. The typology arose out of Integrated Assessment

modeling, which attempts to account for all relevant aspects of particular societal problems

with an ultimate aim of providing decision support. Integrated Assessment includes interac-

tions between social, economic, institutional and environmental dimensions and are instru-

mental in long-term policy analysis (Lempert et al. 2003). The most common examples are

global climate change models that run under various scenarios of each dimension (Rotmans

& Van Asselt 2001). The typology was first introduced in detail in Van Asselt (2000) and

concisely reviewed in Rotmans & Van Asselt (2001) and Van Asselt & Rotmans (2002). At the

highest level, two sources of uncertainty exist: uncertainty due to variability and uncertainty

due to limited knowledge (Figure 2.2). Van Asselt & Rotmans (2002, pp. 78-89) provided

the following helpful distinctions and references to similar terminology:
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Figure 2.2: Typology for sources and degree of uncertainty. Adapted from Van Asselt’s (2000)
proposed typology for uncertainties in integrated assessment.

Variability. ‘The system/process under consideration can behave in different

ways or is valued differently. Variability is an attribute of reality (ontological).

Also referred to as “objective uncertainty” (Natke & Ben-Haim 1996), “stochas-

tic uncertainty” (Helton 1994), “primary uncertainty” (Koopmans 1957), “exter-

nal uncertainty” (Kahneman & Tversky 1982), “unpredictability”(IPCC 2007) or

“random uncertainty” (Henrion & Fischhoff 1986).’

Limited knowledge. ‘Limited knowledge is a property of the analysts perform-

ing the study and/or of our state of knowledge (epistemological). Also referred

to as “subjective uncertainty” (Natke & Ben-Haim 1996, Helton 1994), “incom-

pleteness of the information”(von Schomberg 1993), “informative uncertainty”

(van Witteloostuijn 1987, Bandemer & Gottwald 1995, Natke & Ben-Haim 1996),

“secondary uncertainty” (Koopmans 1957) or “internal uncertainty” (Kahneman

& Tversky 1982).

Van Asselt & Rotmans (2002) presented uncertainty due to variability first as these uncer-

tainties ultimately combine to contribute to uncertainty due to limited knowledge. Environ-

mental management is concerned with the inherently variable natural and managed systems.

Knowledge about natural change and variability in ecosystems, fluvial systems and hydrological
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systems is incomplete and hence contributes to uncertainty due to limited knowledge in, for ex-

ample, river basin management and river restoration (Wissmar & Bisson 2003a). Five distinct

subclasses of uncertainty due to variability are proposed: inherent natural randomness, value

diversity (socio-political), behavioral diversity, societal randomness, and technological surprise.

Inherent natural randomness is attributed to ‘the non-linear, chaotic, and unpredictable nature

of natural processes’. Natural variability of river systems should be a fundamental considera-

tion in integrated river basin management and was reviewed thoroughly in Wissmar & Bisson

(2003b). Value diversity, behavioral diversity and societal randomness each contribute to un-

certainties in environmental management, particularly through stakeholder negotiations, public

support, project funding, policy-making and individual perspectives. Technological surprises

result from new breakthroughs in technology, which may provide unforeseen benefits and/or

bring unforeseen consequences.

Van Asselt & Rotmans (2002) separated seven types of uncertainty due to limited knowledge.

Unlike uncertainties due to variability, uncertainties due to limited knowledge are thought to

map out along a continuum that reflects the relative degree of uncertainty. At the highest

degree of uncertainty are four ‘structural uncertainties’. Starting with the highest degree,

Van Asselt & Rotmans (2002) identified:

• Irreducible ignorance- ‘We cannot know.’

• Indeterminacy- ‘We will never know.’

• Reducible ignorance- ‘We do not know what we do not know.’

• Conflicting evidence- Knowledge is not fact but interpretation, and interpretations fre-

quently contradict and challenge each other. ‘We don’t know what we know.’

Van Asselt & Rotmans (2002) then proposed a transition into ‘unreliability’ uncertainties of

a relatively lesser degree:

• Practically immeasurable- A lack of data or information is always a reality in studying

natural systems. Not only are many natural phenomena incredibly difficult or impossible

to measure, all are fundamentally limited by problems of temporal and spatial resolution,

up-scaling and averaging (Kavvas 1999). ‘We know what we don’t know’-(Van Asselt

& Rotmans 2002).

• Lack of Observations and Measurements- Although in principle this is easy to identify

and augment, in practice this is always a factor. Borrowing from Van Asselt & Rotmans

(2002): ‘could have, should have, would have, but didn’t.’

• Inexactness- Related to lack of precision, lack of accuracy, measurement and calculation

errors. Under Klir and Yuan’s (1995) typology, these are considered ‘fuzziness’ or

vagueness.
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The Van Asselt (2000) typology is both more general and detailed than other typologies such

as Klir & Yuan (1995). However, all provide a reasonable means to deal with the first step to

understanding uncertainty. Namely, they allow a systematic identification of sources and types

of uncertainties that could work in either individual river restoration projects or international

policy-making on water and environmental management. In practice, it is recognized that the

semantics of uncertainty will always be interpreted differently in different professional contexts

(Newson & Clark 2008). However, within the context of this thesis the Van Asselt (2000)

typology and associated meanings will be used consistently. In this thesis, the uncertainties

that matter are unreliability uncertainties associated with DEM differencing and structural

uncertainties associated with making geomorphological interpretations of DoDs.

2.2.3 How Knowledge and Uncertainty Relate

Much of modern science is based on the premise that as the scientific knowledge base develops,

unique causal relationships will be discovered, and uncertainty will subsequently decrease

(Wilson 2001, Spedding 1997). In other words, a positivist view (Van Asselt & Rotmans 2002).

Openshaw (1996) contended that as knowledge increases, uncertainty decreases. Brookes et al.

(1998) made the more restrictive but contradictory generalisation that ‘as knowledge relating

to rivers and their floodplains increases, uncertainty is increased rather than decreased.’ In

reality, there is no unique relationship between uncertainty and knowledge (Van Asselt &

Rotmans 2002). It is a highly contextual relationship dependent on the type of uncertainty

(i.e. uncertainty due to lack of knowledge versus variability) and the specific circumstances

under consideration. Jamieson (1996) pointed out that uncertainty is not a fixed quantity

and is not always reduced by scientific research. Openshaw (1996) suggested that although

‘normal science is predicated on the belief that knowledge and information reduce uncertainty,’

Zadeh’s principle of incompatibility suggests the exact opposite is true for complex systems.

Figure 2.3 elaborates on these examples of the potential relationships between knowledge and

uncertainty by showing the influence of the source of uncertainty.

Now that the basic terminology of uncertainty is established, it is helpful to review the existing

tools available within science (see § 2.3) to communicate these uncertainties.3 Given the

daunting scope of uncertainty when considered in such broad terms, it makes sense that each

of these tools will only address specific classes of uncertainty (Anderson et al. 2003). The

scientific tools review is necessary to identify the scope of possible tools available for dealing

with unreliability and structural uncertainties this thesis aims to address.

3This review is extended to include environmental management tools in Wheaton et al. (2008).
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2.3 Scientific Tools for Communicating Uncertainty in Observa-

tions and Models

In this section, some of the basic ways to represent and treat uncertainties, primarily in a

quantitative fashion, are briefly reviewed. In fluvial geomorphology, observations and mod-

els are the primary quantitative tools from which interpretations are made. Each produce

uncertain quantities and are subject to uncertain interpretations. Most treatments of these

uncertainties have grown out of traditional scientific disciplines (e.g. chemistry, physics and

mathematics) and classical theories therein (e.g. classical set theory and probability theory).

Some of the more recent treatments come from applied sciences (e.g. engineering, economics

and policy-sciences). As will be shown, with the notable exception of fuzzy-set theory, most

of these treatments are limited to certain classes of problems and types of uncertainty (Klir &

Yuan 1995). These are primarily unreliability uncertainties due to limited information (i.e. in-

exactness, lack of observations and measurements). This section is meant to briefly introduce

the range of treatments available and some of the issues associated with each treatment4.

2.3.1 Metrics of Uncertainty as Expressions of Societal Values

There is no unique metric by which uncertainty can be measured or expressed. All attempts

to quantify uncertainty in science or environmental management are expressions of societal

or scientific community values. That is uncertainty is expressed in units or terms based on

specific interests and subsequent perceived importance. For example, structural engineers

may express their uncertainty about the seismic integrity of a bridge in terms of a range

of stress and strain thresholds or tolerances; a planner would view this uncertainty in terms

of factors of safety; a geologist expresses this uncertainty in terms of a probability of an

earth-quake occurring; and the insurance agent expresses their uncertainty in terms of risk

levels. Ultimately, it is assumed that the decision maker understands each of these metrics

and their ramifications. Scientists may communicate to their peers or restoration practitioners

technically using metrics of uncertainty that are convenient and/or conventional. However,

when scientists communicate uncertainty to decision makers, stakeholders and the general

public, it is imperative that they use metrics that are easily understood and directly related

to the societal goals driving the restoration. For example, Stewardson & Rutherfurd (2008)

expressed their uncertainty in specifying flushing flows that would turn over a gravel bed to

maintain habitat quality in terms of a range of discharges. This novel yet simple example

is easily communicated to dam operators and in the case of the Goulburn River, Australia,

revealed that the range of uncertainty was actually outside the feasible availability of water.

4In so far as they apply to the restoration of degraded river systems.
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2.3.2 Communicating Uncertainty in Observations

2.3.2.1 Measurement Uncertainty

Arguably the most familiar and ubiquitous treatments of uncertainty are those that deal specif-

ically with measurement uncertainties. This branch of treatments focuses exclusively on uncer-

tainty due to inexactness, which is typically represented in the form of errors (Routledge 1998).

Detailed guidelines and international standards for accounting and constraining measurement

uncertainty already exist (Taylor & Kuyatt 1994, ISO 1995). In quantitative chemical analy-

sis for example, Ellison et al. (2000) defined uncertainty as: ‘A parameter associated with a

measured value that characterises the dispersion of values reasonably attributed to the mea-

surand.’ In this view, uncertainty in measurement does not imply doubt, but rather expresses

confidence in the validity of measurements (i.e. measurement of error). The two primary

types of errors, random (or chance) and systematic (or bias) errors, were already introduced

in section 2.2.1 and guidelines for standard statistical techniques to address these are readily

available (Routledge 1998). Instead of reviewing the straight forward methods themselves,

Routledge (1998) pointed out that to apply statistical techniques in error analysis it is as-

sumed that the data ‘contain no systematic component, are independent, have a constant

standard deviation and feature a distribution that follows a normal curve.’ Routledge (1998)

explained that if any of these assumptions are violated, ‘standard statistical analyses may not

work properly.’ These assumptions frequently are violated but employed anyway. Many of

these methods were developed for relatively routine measurements in controlled or laboratory

environments (e.g. chemistry, physics).

Rivers are rather poor examples of controlled environments and present large challenges to

constraining measurement uncertainties. This statement is not to suggest that such tech-

niques have no utility in rivers. Herschy (2002), for example, proposed a practical method

for expressing uncertainty in current meter measurements for estimates of discharge. Wilcock

(2001) contrasted trade-offs in measurement errors and formula errors (based on measure-

ments) for bedload transport which can vary over multiple orders of magnitude. Brasington

et al. (2000) and Brasington et al. (2003) compared errors in digital elevation model surface

representation of river beds from field-collected (rtkGPS) and remotely-sensed (aerial pho-

togrammetry) survey data. Although measurement errors are frequently used to represent

uncertainty in river studies, it is important to recognise that such techniques only focus on a

specific form of uncertainty, and understand the limitations of statistical techniques based on

potentially invalid assumptions.

2.3.2.2 Statistical and Probabilistic Methods

Klir & Yuan (1995) credited the modern view of uncertainty to physicists in the late 19th

century who were interested in studying processes at the molecular level. The magnitude

of individual particles and processes at that scale prompted the development of statistical
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methods, which substitute individuals in a population with their statistical averages. Klir

& Yuan (1995) went on to say that calculus (the mathematical tool of choice in classical

Newtonian mechanics that includes no uncertainty) was replaced in molecular physics by

probability theory, which accounts for uncertainty of a specific type. Statistical techniques

require a high degree of randomness and a large number of variables. The key to representing

uncertainty with probabilistic methods largely boils down to: how well one can represent the

uncertain process or population of interest with a probability density function (PDF). A well

known example of a PDF is the Gaussian bell-curve of a normal distribution. Uncertainty

is then represented as a probability derived from this PDF (Table 2.2). In general, if the

PDF representation is good, accounting for uncertainty is straight forward. The problem is

that complex natural processes and populations are not always necessarily well represented by

PDFs.

2.3.2.3 Fuzzy Set Theory

The quantitative treatments of uncertainty discussed thus far have all been represented in

terms of crisp sets of numbers, for which membership is unambiguous and standard classical

mathematics apply. For example, the crisp set of numbers A might be defined as:

A = {1, 2, 3} (2.1)

The members of set A are simply 1, 2 and 3, whereas 4 or any other number are not. Crisp

sets have distinct or crisp boundaries between membership and non-membership. In reality,

and especially in the case of river restoration, not all situations are adequately represented by

absolute membership criteria (Bandemer & Gottwald 1995). Zadeh (1965) first proposed fuzzy

sets, whose boundaries are imprecise. Membership in a fuzzy set is not simply a matter of yes

or no, but a question of degree (Klir & Yuan 1995). Fuzzy set theory is then a more flexible

theory, of which classical set theory is simply a special case. In fuzzy set theory, a membership

function is used to indicate the degree or grade of membership, µA, of a particular value to

a set, where µA can be any value from 0 to 1: 1 indicates definite membership, 0 indicates

definite non-membership, values in between are degrees of membership. The utility of this

is illustrated well with the example of a simple linguistic classification system of temperature

(Figure 2.4). In a crisp representation, the terms ‘hot’ and ‘cold’ must correspond to a

specific range of temperature values. In a fuzzy representation, where membership equals one

(the top of the trapezoid in this case) there is absolute membership in the class. However,

where membership is between 0 and 1 (the legs of the trapezoid) the temperature boundaries

vary according to the vagueness of the description ‘hot’ or ‘cold’, and can even overlap with

each other. Hence, the added flexibility of a membership function allows representation of

uncertainty (in this case stemming from the linguistic terminology ’hot’ and ’cold’).

At first glance, the specification of a membership function appears to be quite similar to the

assignment of a PDF. However, recall that the assumptions behind assignments of a PDF
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Figure 2.4: Crisp versus fuzzy, representations of a temperature classification. Adapted from
Klir and Yuan (1995).

are highly restrictive; whereas fuzzy set theory is very flexible (Johnson & Heil 1996, Schulz

& Huwe 1999). Thus, the range of problems that can be addressed with fuzzy techniques

is potentially larger. Johnson & Heil (1996) presented one of the first applications of fuzzy

set theory to fluvial geomorphology and river restoration through the example of bankfull

discharge. The concept of bankfull discharge was introduced by Leopold & Maddock (1953)

and has become one of the most popular and arguably misapplied concepts in river restora-

tion (Doyle et al. 1999). The bankfull discharge concept and subsequent quantification of

bankfull depth, discharge, and bankfull shear stress are all subject to numerous uncertainties.

In particular, uncertainties due to the vagueness of the bankfull definition5 and subjectivity

in selecting a representative value make a crisp representation of bankfull conditions ques-

tionable. To acknowledge and quantify the implications of these uncertainties, Johnson &

Heil (1996) represented their field estimates of bankfull depth, calculations of boundary shear

stress and theoretical estimates of critical shear stress as fuzzy numbers and performed sub-

sequent calculations of bankfull discharge, sediment transport and stream classification with

fuzzy mathematical operations. Their subsequent calculations showed, for example, that for

a degree of belief α = 0, the excess shear stress was τe = [3.7, 24.3] N/m2, whereas for a

degree of belief α = 1, the excess shear stress was τe = 4.2 N/m2. In other words, the fuzzy

representation reports its highest degree of belief as 4.2 N/m2, but plausible values of excess

shear stress can be anywhere between 3.7 and 24.3 N/m2 (a roughly 6-fold range). The

flexibility of fuzzy set theory, allowed Johnson & Heil (1996) to simply and explicitly quantify

their uncertainties without potentially invalidating the assumptions required of probabilistic or

statistical representations of uncertainty.

5Johnson & Heil (1996) reported over 16 bankfull definitions exist.
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2.3.3 Communicating Uncertainty in Environmental Models

Uncertainty in modeling is a rich topic but differs from uncertainty models. The latter are

a subclass of models that try to predict and propagate calculated uncertainties (Ayyub &

Gupta 1994). First, an overview of the sources of uncertainty in environmental models is

provided.

Cao & Carling (2002a) pinpointed the crux of the problem with uncertainties in alluvial river

models:

‘River scientists and engineers do not have full confidence in making reliable and

accurate simulations of sediment transport, whilst the users’ community is moving

toward a position where rapid impact-modeling and decision-making are required

with decision support models and hydroinformatics tools.’

Uncertainty in environmental models has attracted much well-deserved attention in the recent

literature, including examples from climatic models (Zapert et al. 1998), ecological mod-

els (Horssen et al. 2002), vadose-zone models (Schulz & Huwe 1999), hydrological models

(Binley et al. 1991)), hill-slope erosion models (Brazier et al. 2001), flood-conveyance models

(Wohl 1998, Samuels et al. 2003), sediment transport models (Reckhow 2003), bank ero-

sion models (Darby & Thorne 1996), and consideration of parametric uncertainty (McIntyre

et al. 2002). In a benchmark review of structural uncertainties in mathematical modeling of

alluvial rivers, Cao and Carling (2003 a & b) attribute the uncertainties in river modeling

to ‘1) poor assumptions in model formulations; 2) simplified numerical procedures; 3) the

implementation of sediment relationships of questionable validity; and 4) the problematic use

of model calibration and verification as assertions of model veracity.’ Clifford et al. (2008)

pointed out that the hydrological, geomorphological and ecohydraulic linkages are conceptually

well understood, but highlight that:

‘giving precise values to quantities and timings of material and energy transfers,

and accounting for feedbacks between them, gives rise to uncertainty at all scales.’

In their review of Integrated Assessment Models (including global circulation models) Rotmans

& Van Asselt (2001) considered how unreliability uncertainty and structural uncertainty6 influ-

ence modeling (Table 2.4). They explain how these uncertainties produce technical uncertain-

ties (uncertainties in model quantities), methodological uncertainties (uncertainty about model

form) and epistemological uncertainties (uncertainty about model completeness). Modeling

uncertainties will never be fully understood or reduced down to a set of insignificant quanti-

ties. The point of considering uncertainties in environmental models used in river restoration

is not to necessarily improve the predictive capability of models, but to realise the limitations

of models. Hence, model predictions provide valuable and uncertain information in much the

same was as a DSS helps inform decisions, rather than making them.

6Recall, unreliability and structural uncertainties are types of uncertainty due to limited knowledge; see
Figure 2.2, page 21.



Chapter 2 : A Broader Context for Uncertainty 30

Type of Uncertainty Influence on Modelling Source of Uncertainty

Technical
Uncertainty in input data Inexactness

Parameter uncertainties Lack of Observations or Measure-
ments

Methodological
Uncertain equations Conflicting evidence

Model structure uncertainties Phenomena practically immea-
surable

Epistemological

Uncertain levels of confidence Reducible Ignorance

Uncertain about model validity Indeterminacy

Uncertain about model validity Uncertainty due to variability

Table 2.4: Influence of Uncertainties on Modeling. Note that a) Technical uncertainties are re-
lated to model quantities; b) Methodological uncertainties are related to model form;
and c) Epistemological uncertainties are related to model completeness. Adapted
from Van Asselt & Rotmans (2002, Figure 5).

Klir & Yuan (1995) pointed out that maximising model usefulness is a function of three inter-

related characteristics of the model: complexity, credibility and uncertainty. Paradoxically,

they argue that:

‘Usually (but not always) undesirable when considered alone, uncertainty becomes

very valuable when considered in connection to the other characteristics of systems

models: in general, allowing more uncertainty tends to reduce complexity and

increase credibility of the resulting model.’

This highlights the fundamental trade-offs that the developers of all models have to consider.

At what point does increased complexity (often achieved through the use of additional, often

poorly constrained, parameters), cease to provide more valuable predictions? In a witty com-

mentary, Stuart (2007) speaks of his own ’parameter abuse’, while contrasting attempts to

quantify uncertainty in models in an effort to make them more useful (Beven & Binley 1992),

still striving toward development of models ’that are not only useful but truthful.’ Ultimately,

uncertainty in any model is primarily relevant to the user and what they are attempting to

use the model for (i.e. the ’fit for purpose’ question). Thus, making a model ’more useful’ is

as much about the philosophical treatment of uncertainty7 as the technicalities of the model

itself.

2.3.3.1 Probabilistic Uncertainty Representation in Models

The majority of environmental models used in river restoration (hydrological, hydraulic, eco-

hydraulic, etc.) are spatially distributed and prone to structural uncertainty in spatial av-

eraging. In physically-based hydrological models, for example, hydrologists are challenged

with the daunting task of representing dynamic non-linear hydrological processes in hetero-

geneous catchments through some up-scaled form of the conservation equations (Singh &

7This is discussed in § 2.5.
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Woolhiser 2002). Beven (1996b) pointed out the futility in attempting to produce an optimal

model from piecemeal aggregation of plot- and point-scale theories and field data to up-scaled

model domains. When point-scale conservation equations are up-scaled to the computational

grid scale (101-103 m), spatial averaging of parameters estimated at individual points (e.g. soil

characteristics, elevation, etc.) implicitly introduces uncertainty over what is actually a highly

heterogeneous area. Furthermore, the equations are partial differential equations without de-

terministic solutions and can hence only be solved numerically. If one ignores the structural

uncertainties8, Kavvas (2003) argued that the uncertainty in the point-scale parameter es-

timates can be represented stochastically (with their probability distribution functions), and

proposes non-linear stochastic partial differential equations at the point scale to represent the

uncertainty. He then shows that the ensemble averages (PDFs and means) of the point-scale

parameters are explicitly represented in the up-scaled forms of the conservation equations.

Kavvas’ approach is conceptually satisfying in its explicit accounting for uncertainty, but the

calculus of stochastic partial differential equations is hardly a simple matter. Nonetheless,

Kavvas (2003) showed that for some hydrological processes, the up-scaling process actually

produces ordinary differential equations (as opposed to partial), hence permitting a analytical

solution. The point of this example is that sophisticated stochastic and probabilistic tech-

niques exist for dealing with uncertainty. However, their current practicality in the context of

PHR practice is questionable as most researchers and practitioners are unlikely to understand

or adopt such techniques.

Levy et al. (2000) suggested that probability models of uncertainty are frequently inappropriate

for dealing with uncertainty in natural systems where extreme events play a crucial role.

This is because the assumptions of probabilistic models are frequently violated (Anderson

1998). Petterman & Peters (1998) suggested that classical statistical hypothesis testing,

use of standard errors of parameter estimates and 95% confidence limits are not adequate

characterisations of uncertainty for decision-making in ecosystem management. Bergerud &

Reed (1998) made the same warnings, and add significance tests, P-values and the frequentist

paradigm to the statistical toolkit they claim is inadequate in ecosystem management. Klir &

Yuan (1995) contrasted statistical methods with traditional analytical methods (e.g. calculus)

to map out the two extremes of problems that analytical and statistical techniques can address:

‘While analytical methods based upon calculus are applicable only to problems involving

a very small number of variables that are related to one another in a predictable way,

the applicability of statistical methods has exactly opposite characteristics: they require

a very large number of variables and a very high degree of randomness. These two types

of methods are thus highly complementary. When one type excels, the other totally

fails... Most problems are somewhere between these two extremes: they involve nonlinear

systems with large numbers of components and rich interactions among the components,

which are usually nondeterministic, but not as a result of randomness that could yield

meaningful statistical averages.’

8Structural uncertainties here are referring to the structure of the model (i.e. which processes are represented
with which equations).
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Under certain circumstances probabilistic representation of parameter uncertainties (technical

uncertainties) are useful in EM. However, due to the strict assumptions that need to be met

for probabilistic models to remain valid, this can narrow range of problems they are appropriate

for.

2.3.3.2 Bayesian Frameworks

Bayesian frameworks are mentioned briefly here as a subclass of the probabilistic methods

discussed above. Bayesian frameworks allow the user to assign a ‘degree of belief’ or proba-

bility to uncertain information. For example, instead of calculating a mean model parameter

value from a large number of field measurement, classical Bayesian inference is used to es-

timate probability distributions from a priori information of physically reasonably values for

unknown model parameters (Balakrishnan et al. 2003). Although this approach is practical in

computationally efficient environmental models, it can be cumbersome in a growing class of

computationally intensive models (e.g. 3D CFD models). However, Balakrishnan et al. (2003)

developed a complex Bayesian modeling framework for reducing uncertainty in environmen-

tal 3-D numerical models, which creatively bypasses some of the traditional computational

barriers.

Bayesian frameworks have proved useful beyond simply representing parametric uncertainty in

environmental models and have found extensive application as decision support systems in EM,

engineering and medicine (Addin & Jensen 2004). This is largely because of the flexibility they

afford the user in incorporating their existing knowledge. Varis (1997) suggested that Bayesian

analysis can be extended from the parameter space to the hypothesis space in decision theory

by any of three dominant approaches: decision trees, influence diagrams and belief networks.

An example of a Bayesian belief network is shown in Figure 2.5.

Addin & Jensen (2004) provided an excellent overview of how to develop Bayesian belief

networks for EM decision support systems. They describe the techniques as merging qualitative

information in a graphical form (causal graph) that specifies conditional relationships between a

system’s variables, with quantitative conditional probabilities. Because the actual probabilities

are not known a subjective probability might be estimated using Bayesian inference (Bergerud

& Reed 1998). However, among the shortcomings of Bayesian frameworks are the assumptions

that the causality within a system is known (Addin & Jensen 2004). Even though uncertainty

is explicitly represented in the probabilities, the structural uncertainty in the validity of the

belief network is difficult to assess (P.comm. Nick Jackson, CEH, 2004).

2.3.3.3 Monte Carlo Models

In environmental models, Monte Carlo simulations can be used to incorporate uncertainty.

Typically, a random number generator is used to select a set of model parameter values (known

as an ensemble) that span the full range of plausible parameter values in the parameter space.
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A) General structure of a BBN

B) BBN with Probability Tables in case 
“Forest Cover” is “good”

C) BBN with Probability Tables in case 
“Forest Cover” is “bad”
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Figure 2.5: A simple Bayesian Belief Network adapted from Addin & Jensen (2004) representing
part of a complex environmental management system.



Chapter 2 : A Broader Context for Uncertainty 34

Habitat variable

Standard HSC

A

B
1

0.5

0

In
d
ex

 (
0
-1

)

Confidence interval
experts

Upper & Lower Limits of HSC

Figure 2.6: Illustration of the uncertainty in a habitat suitability curve. The solid line represents
a typical HSC, and the dashed lines represent upper and lower limits of uncertainty.
The uncertainty can be described as symmetrical (A) or asymmetrical (B) probability
distributions, depending on the average (i.e. the parameters of the original model),
the minimum and the maximum of the interval (based on expert judgment). Figure
adapted from Van der Lee et al. (2006).

The model is then run repeatedly (typically 102s to 105s of times) under the ensemble scenarios

defined by these randomly selected parameters. Unlike a typical sensitivity analysis, which may

only explore the maximum, minimum and expected parameter values, a Monte Carlo analysis

provides a fuller exploration of the parameter space. The uncertainty in parameter estimates

can then be represented by a statistical analysis of the parameter influences on model results.

A prime example, in an EM context, is the GLUE (General Likelihood Uncertainty Estima-

tion) framework developed by Beven & Binley (1992) originally for hydrological rainfall-runoff

models. The GLUE framework has been applied to hydrological, hydrodynamic and disper-

sion models. Monte Carlo simulations as used in GLUE are helpful not only for considering

parametric uncertainties, but also structural uncertainties in models giving rise to equifinal-

ity9 of different model structures (Beven 1996a, Hankin et al. 2001). Within this context,

equifinality is used to reject the notion of an ‘optimal’ model (Binley et al. 1991, Zak &

Beven 1999, Brazier et al. 2000, Brazier et al. 2001). Beven (1996b) advocated instead dis-

aggregating the information to reveal that multiple reasonable model structures exist, which

are rather elegantly explained by our uncertainties.

Monte Carlo analyses have also been used in ecohydraulic modelling to explore how uncertain-

ties in habitat suitability curves (HSCs) influence the predictions of habitat suitability models

(Figure 2.6. HSCs are used to define physical habitat preference (as inferred by observation of

a species utilising a particular habitat) for specific abiotic physical variables (e.g. water depth,

velocity, substrate size, percent cover, temperature, etc.). Van der Lee et al. (2006) used a

Monte Carlo analysis to explore the impact of uncertainty in HSC model inputs on a model

9See section 2.2.1, Page 2.2.1 for description of equifinality (i.e. the same result for different reasons).
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of lake habitat suitability for fennel pondweed (Potamogeton pectinatus). The input HSCs

were water depth, water transparency, wind fetch and orthophosphate concentration, which

were all combined to define an overall Habitat Suitability Index.10 Figure 2.7 highlights the

net outputs of an ensemble of 2000 simulations. While Van der Lee et al. (2006) found that

there were substantial uncertainties in the use of HSCs to drive habitat suitability models,

they still concluded that their use as tools in EM may still be acceptable. They suggested that

uncertainty analyses should become ’standard procedure’ in EM projects, but cautioned that

the use of Monte Carlo analysis was very computationally demanding and labour-intensive.

As computational power has increased, so to has the application of Monte Carlo methods

to environmental modelling problems (Binley et al. 1991, Hankin et al. 2001, Osidele et al.

2003, Wechsler & Kroll 2006, Wu & Tsang 2004, Beechie et al. 2006, Cox et al. 2004, e.g.).

However, Stuart (2007) cautions that sophisticated Monte Carlo techniques (e.g. GLUE) are

pragmatic calibration techniques for environmental models, but that they only address the

symptom of parametric uncertainty without really considering the root cause of structural

uncertainty in the model formulation and how tenuous the response functions are themselves.

2.3.3.4 Fuzzy Models

Fuzzy set theory is the foundation for a wide range of related topics: fuzzy arithmetic, fuzzy

relationships, fuzzy logic, possibility theory, which are used in fuzzy models (Bandemer &

Gottwald 1995). In Klir & Yuan (1995) an attempt was made to compile a bibliography of

all relevant books and articles relating to fuzzy set theory and its applications as of 1995

(organized by disciplines). Of the over 1700 references predating 1995, only three were for

ecological applications, four for environmental applications and seven for earthquake studies;

whereas sixty-one references addressed uncertainty measures specifically.

When research for this thesis originally commenced, several article searches under ISI Web

of Science11 were performed to see if more recent contributions might have since bridged

this apparent gap (Table 2.5). Although these searches were by no means exhaustive and

the results were not exhaustively compared; they highlighted a rich body of literature and

well developed multidisciplinary theory to deal specifically with uncertainty dating back to the

1960s. Although fuzzy applications in GIS and environmental sciences were starting to grow,

they seemed to be under utilized in river restoration as of January 2004. At that time, Wheaton

et al. (2008) postulated that fuzzy methods were under-utilised in river restoration science,

and there was tremendous scope for their application. The same searches were repeated in

June 2007 and have subsequently revealed a substantial increase in the number of publications

in environmental science and management using fuzzy methods (compare column 2 and 3 in

Table 2.5). With the search terms ’fuzzy and rivers’ and ’fuzzy and watersheds’, there were

485% and 370% increases respectively in the total number of articles in just a 3 year period!

10The minimum of the input HSCs was used to define the overall habitat suitability index, hence highlighting
the areas where habitat was limiting.

11Web of science can be accessed at http://wok.mimas.ac.uk/.
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Figure 2.7: Summary outputs of lake habitat suitability model for fennel pondweed (Potamoge-
ton pectinatus) from a Monte Carlo ensemble of 2000 simulations. a) Average
habitat suitability (on a scale from poorest at 0 to highest at 1) per grid cell. b)
Standard deviation of habitat suitability with model and input uncertainty. c) The
probability (0-1) that water depth is limiting factor of habitat suitability. d) The
probability (0-1) that orthophosphate concentration is limiting factor of habitat
suitability. Figure adapted from Van der Lee et al. (2006, Figures 3 & 4).
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Search Terms Jan. 2004 Jun. 2007 Comments

’fuzzy AND en-
vironmental man-
agement’

15 19 Only 4 for river basin management

’fuzzy AND geo-
morphology’

8 9 Only one fluvial geomorphology

’fuzzy AND rivers’ 7 34 All in Decision Support, GIS and Re-
mote Sensing in 2004

’fuzzy AND water-
shed’

20 74 Primarily GIS and Remote Sensing
in 2004; expanding into hydrological
modelling and other areas

’fuzzy AND fish’ 45 82 Only 12 of 82 were related specifically
to salmon

’fuzzy AND river
management’

3 6 Including Clayton (2002) and Clark &
Richards (2002) referenced elsewhere
in this chapter.

’fuzzy AND river
restoration’

0 2 In 2004, search failed to produce
the only two papers known of on
fuzzy applications to river restoration:
(Johnson & Heil 1996, Schneider &
Jorde 2003).

’fuzzy AND engi-
neering’

702 979 Includes civil, environmental, me-
chanical and electrical engineering

’fuzzy’ 22,607 33,658 NA

Table 2.5: Number of matches of some selected ISI Web of Science Searches for ’Fuzzy’ peer
reviewed literature in applications related to river restoration and comparison with
fuzzy applications in engineering and articles in general.
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A promising example of fuzzy modeling in river restoration has emerged in an ecohydraulic

habitat suitability model similar to PHABSIM, which was developed using fuzzy logic as

an alternative or augmentation to traditional habitat suitability curves (Schneider & Jorde

2003). The simulation model, CASiMiR (Computer Aided Simulation Model for Instream

Flow Requirements), can run as a sub-model inside existing 1D, 2D or 3D hydrodynamic

models and adds a flow regime module, river bed module and aquatic zone module. CASiMiR

allows the user to incorporate ‘expert knowledge’ to evaluate habitat quality numerically,

which Schneider & Jorde (2003) asserted is more readily available than habitat suitability

curves and much more flexible in implementation. Schneider & Jorde (2003) report that

fuzzy-rule based models generally perform better than traditional habitat suitability curve-

based models in comparison studies. The model has been applied successfully to assess river

restoration, determine instream flow requirements, and habitat suitability requirements for

numerous fish and macroinvertebrate species (Clayton 2002, Kerle et al. 2002, Schneider &

Jorde 2003, Mouton et al. 2007).

In an interesting review of the uncertainties that forest managers are faced with, Petterman

& Peters (1998) tip toed around the numerous shortcomings of traditional statistical, prob-

abilistic, Bayesian and classical decision-analysis techniques, while still advocating their use.

Petterman & Peters (1998) made the reasonable argument that in the apparent absence of

any other tools, such tools for coping with uncertainty have utility to managers if their limita-

tions are well understood. It is important to highlight with caveats the relevance of all tools

for dealing with specific types of uncertainties under specific assumptions. However, among

statisticians there seems a pervading assumption that probabilistic and statistical techniques

are the only way to represent uncertainty (e.g. Balakrishnan et al. 2003). There seems to

be at least equal, if not more extensive, promise in applying a host of fuzzy applications to

environmental management problems such as river restoration. In the same volume (Sit &

Taylor 1998), Routledge (1998) astutely highlighted some of the difficulties in producing quan-

titative measures of imprecise concepts (e.g. biodiversity), yet focuses again on the traditional

statistical and probabilistic techniques to do so.

Putting imprecise and complex concepts in numerical form is exactly what fuzzy techniques

are intended to do (Bandemer & Gottwald 1995, Openshaw 1996, Klir & Yuan 1995, Zadeh

1996). Zadeh (1996) suggested that the advantage of fuzzy logic over other methodologies

(e.g. ‘predicate logic, possibility theory, neural network theory, Bayesian networks and classic

control’) is that fuzzy logic is simply ‘computing with words.’ Fuzzy logic offers in both

scientific and management contexts a way to convert expert opinions into linguistic variables

and expressions, which may later be ‘defuzzified’ to crisp numbers.

While trying to argue that human geographers should embrace the fuzzy science paradigm

in order to bring credibility (equated with quantitative analysis) to their science, Openshaw

(1996) summarised four advantages of fuzzy techniques from Klir & Yuan (1995):

1. ‘It provides a means of expressing irreducible observation and measurement uncertainties

in whatever form they appear.’
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2. ‘It offers far greater resources for managing complexity; indeed, the greater the com-

plexity the greater the superiority of fuzzy methods.

3. ‘It offers considerably greater expressive power, allowing it to deal effectively with a

broad class of problems; in particular it has the capability of dealing in mathematical

terms with problems that require the use of natural language.

4. ‘The new paradigm has a greater capability of capturing human common sense reasoning

and other aspects of human cognition and intuition so that they can be included rather

than excluded from computer systems.

This is not to suggest that fuzzy techniques are the ultimate, unique solution to all the world’s

management problems. Instead, they seem to show promise that is only starting to be explored

in PHR and/or monitoring geomorphological changes.

2.4 Uncertainty about Change

From the preceding review of scientific research tools (§ 2.3) for dealing with uncertainty,

it is clear there are a wealth of potential methods that can be used to better understand

uncertainty about geomorphological change and its influence on fish habitat. There is also

tremendous scope for the improvement of existing tools, employment of existing tools in new

and novel applications and the development of additional tools altogether. How uncertainty

about change is treated is as much a philosophical issue as it is a technical one. The perspec-

tive12 from which one is considering uncertainty about change will strongly influence how one

addresses this problem.

The degree of uncertainty varies across the different knowledge bases central to implementation

of PHR (Figure 2.8). The varying degree of uncertainty is partly related to the relative degree

of uncertainty due to natural variability in each knowledge base, but is also strongly influenced

by the relative complexity of physical, versus ecological, versus social systems (Van Asselt &

Rotmans 2002). It could be argued that because of their relative magnitude, socio-political

uncertainties trump all the other uncertainties (Teng & Belfrage 2004, e.g.). In river restora-

tion projects, socio-political uncertainties manifest themselves largely as communication and

expectation uncertainties from restoration motives and objectives. However, it is postulated

that uncertainties in the geomorphology and ecology knowledge bases13 will propagate into

the socio-political uncertainties and act to exacerbate them further. At this juncture, it is

worth revisiting the basic aim and objectives of this thesis (§ 1.3).

Recall that the motivation for this thesis grows out of the very applied context of PHR,

for salmonids. However, the aim makes no specific reference to PHR as the question of

12For example, as a practitioner designing restoration projects; a manager in a river basin management
context; or as a researcher in an applied research context.

13The geomorphology and ecology knowledge bases are the areas that this thesis specifically tries to build
upon.



Chapter 2 : A Broader Context for Uncertainty 40

Uncertainty due to Lack of Knowledge

Uncertainty due to Variability

D
E
G

R
E
E
 O

F 
U

N
C
E
R
TA

IN
T
Y

Increasing
Uncertainty

KNOWLEDGE BASES CENTRAL TO RIVER RESTORATION

HYDROLOGY
KNOWLEDGE

BASE

GEOMORPHOLOGY
KNOWLEDGE

BASE

ECOLOGY
KNOWLEDGE

BASE

SOCIO-CULTURAL & 
INSTITUTIONAL

KNOWLEDGE BASE

KEY:  Sources of Uncertainty:

Figure 2.8: Relative degree and type of uncertainties in the primary knowledge bases central
to physical habitat restoration for salmonids. The idea for this figure was adapted
from Van Asselt & Rotmans (2002, Figure 6).

significance of uncertainty about change has a fundamental relevance beyond just this specific

issue. On the surface, objectives one (§ 1.3.1) and two (§ 1.3.2) are simply about expanding

the knowledge base of geomorphology. Insofar as the specific methodological tools that fall

out of delivering these objectives might be used by PHR practitioners, the thesis might provide

specific techniques for communicating uncertainties in a meaningful way to decision makers

and stakeholders; hence addressing the potentially larger uncertainties inherent in the socio-

political and institutional knowledge bases. However, for PHR, it is emphasised that a few tools

for specific uncertainty problems still pale in importance to the basic philosophical treatment

of uncertainty that decision makers and societies choose to adopt. Closely related to the

philosophical treatment of uncertainty is the nature of response to change. This response

at one extreme might be characterised as a catastrophic decline and at another extreme it

may be seen as adaptive resilience (Janssen et al. 2007, Vincent 2007, Berkes 2007). The

philosophical treatment of uncertainty is not the focus of this thesis14, but it is the focus of

the next section.

Before that digression, the primary sources of uncertainty about change from a geomorpholog-

ical perspective are briefly reviewed. Uncertainty about changes through time at a particular

location in space are fundamentally either about postdiction,15 prediction,16 observing pro-

cess17 or some combination. Schumm (1991) argued that there are ten problems encountered

14Indeed, the philosophical treatment of uncertainty is dealt with more thoroughly by others (Priddy 1999,
Pollack 2003, Popper 1968, e.g.).

15Explaining how things came to be the way they are.
16Explaining how things will come to be in the future
17Explaining how forces and phenomena acting in the present are changing the landscape.



Chapter 2 : A Broader Context for Uncertainty 41

Problem Schumm’s Description
1. Time ’involving both absolute duration and relative time

spans’

2. Space ’involving scale and size’

3. Location ’the site of concern within a natural system’

4. Convergence (a.k.a. equifinality), ’the production of similar re-
sults from different processes and causes’

5. Divergence ’the production of different results from similar
processes and causes’

6. Efficiency ’the variable efficiency and work accomplished by
a process’

7. Multiplicity ’the multiple explanations that combine to influ-
ence and cause natural phenomena’

8. Singularity ’the natural variability among like things’

9. Sensitivity ’the susceptibility of a system to change’

10. Complexity ’the complex behavior of a system that has been
subject to altered conditions’

Table 2.6: Schumm’s 10 Ways to be Wrong. Compiled with reference to Schumm (1991). See
Schumm (1991) for full description of each.

when trying to extrapolate past changes to the earth from observations of modern conditions

(Table 2.6). Convergence, divergence and sensitivity were all mentioned earlier (page 2.2.1) as

generic concepts closely related to uncertainty. Methods to quantify geomorphological changes

directly are fundamentally limited by unreliability uncertainties18 associated with field observa-

tions (Kirkby 1996). Numerical models that attempt to predict geomorphological changes are

even more uncertain owing in part to the inherent natural variability of such physical processes

as well as both structural and unreliability uncertainties in our models (Coulthard 1999, Card-

well & Ellis 1996, Zak & Beven 1999). Thus, anticipating what geomorphological changes to

expect in the context of PHR is strongly contingent on both uncertainties due to variability

and limited knowledge.

2.5 Philosophical Treatments of Uncertainty

So is all this uncertainty bad? By this point, it should be clear that uncertainty in PHR is a

ubiquitous fact of life (Graf et al. 2008). However, whether this is good, bad or otherwise and

what should be done about it have not yet been considered. Different segments of society

view uncertainty in very different ways, depending on the context (Lemons & Victor 2008). As

already mentioned, humans are quite comfortable with the uncertainties of life in an intuitive

and non-explicit sense (Pollack 2003, Anderson et al. 2003). However, uncertainty in policy

and science, especially as reported in the media (Riebeek 2002), are very different contexts

to daily life. Referring back to the synonyms of uncertainty and uncertain in Table 2.1, one

18Namely, inexactness, lack of observations and practically immeasurable types of uncertainties (Star 2 in
Figure 2.11).
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Figure 2.9: Five Philosophical Attitudes Toward Uncertainty. The Venn diagram is meant to
illustrate the overlap between contemporary attitudes toward uncertainty. Note
that ignoring uncertainty shares no overlap with contemporary attitudes toward
uncertainty.

would logically conclude that uncertainty is bad. With the notable exception of ‘surprise’

the rest of the synonyms have a generally negative connotation. Interestingly, of the terms

related to uncertainty: accuracy, confidence, exactness, expectation, precision, reliability and

repeatability, all carry generally positive connotations; whereas divergence, error, equifinality,

risk, sensitivity and variability may be perceived as negative. The choice of what to do

about the uncertainty is a philosophical question. Five potential philosophical treatments of

uncertainty are proposed in Figure 2.9.

1. Ignore uncertainty

2. Eliminate uncertainty

3. Reduce Uncertainty

4. Cope with Uncertainty

5. Embrace Uncertainty

Each of these philosophies were reviewed in detail in Wheaton et al. (2008) and linked to

current attitudes within different segments of the PHR community. Wheaton et al. (2008)

argued that embracing uncertainty was the most productive and realistic way forward and that

philosophical treatment is reviewed here.
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2.5.1 Embrace Uncertainty

Despite the apparent advantages of efforts to cope with or reduce uncertainty over eliminating

it, all the other philosophies still fundamentally view uncertainty as a negative thing. Several

authors have departed from a purely negative view of uncertainty toward a more progressive

view of embracing uncertainty (Newson & Clark 2008, Johnson & Brown 2001). One of the

earlier proponents of this view appears to be Holling (1978), who argued:

‘while efforts to reduce uncertainty are admirable. . . ... if not accompanied by an

equal effort to design for uncertainty and obtain benefits from the unexpected,

the best of predictive models will only lead to larger problems arising more quickly

and more often’ -(in: Levy et al., 2000).

Klir & Yuan (1995) considered uncertainty in modeling as ‘an important commodity..., which

can be traded for gains in the other essential characteristics of models.’ Other authors have

suggested that a recognition that not all uncertainty is bad will be increasingly important

to decision-makers who are forced to make decisions in the face of uncertainty (Clark &

Richards 2002, Pollack 2003). Especially in long-term policy analysis (next 20-100 years)19,

decision makers are faced with what Lempert et al. (2003) referred to as ‘deep uncertainty’.

Johnson & Brown (2001) argued that explicitly incorporating uncertainty into restoration

design and the decision-making process allows the practitioner to consider multiple causes and

hypothesized fixes; thereby reducing the potential for project failure and ultimately reducing

costs. Throughout this chapter it has been argued that uncertainty is not necessarily a bad

thing, but ignorance of it can foster unrealistic expectations. Chapman & Ward (2002) argued

that uncertainty can be viewed not just as a risk, but also as an opportunity. Uncertainty

due to natural variability, in say flow regime, can be a particularly good thing, for example

by promoting habitat heterogeneity and biodiversity (Montgomery & Bolton 2003, Clifford

et al. 2008).

In Figure 2.10, the notions of embracing uncertainty in the context of the Van Asselt (2000)

typology are synthesised. This approach embraces uncertainty as information and its potential

for helping avoid risks, or embracing unforeseen opportunities. Notice that all uncertainties are

not treated uniformly but instead are segregated by their source (i.e. due to limited knowledge

or due to variability) and type. Anderson et al. (2003) astutely pointed out that environmental

management problems are so diverse that a single approach is unlikely to be appropriate for all.

Thus, Chamberlin’s (1890) idea of multiple working-hypotheses is emerging in environmental

management through advocating pluralistic approaches (e.g. Lempert et al. 2003; Van Asselt

and Rotmans 1996). The embracing uncertainty framework proposed here embraces that very

point by simply structuring a range of questions and possible management decisions based

on the specific uncertainties at hand. In the spirit of ‘sustainable uncertainty’ as proposed by

19Which are precisely the time scales that the restoration literature has been suggesting the restoration
community needs to move toward (see § ??).
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Newson & Clark (2008), this is not at all a rigid framework, but instead a loose and adaptive

guide built around an uncertainty typology. Unlike the four other philosophical treatments of

uncertainty, this allows the restoration scientist, practitioner or decision-maker to:

• explore the potential significance (both in terms of unforeseen consequences and wel-

come surprises) or insignificance of uncertainties.

• effectively communicate uncertainties

• eventually make adaptive, but transparent, decisions in the face of uncertainty

2.6 Conclusion

In this chapter a very broad picture of uncertainty has been painted. A typology for discrim-

inating uncertainty was reviewed (§ 2.2.2) that allows one to separate uncertainties that can

lead to unforeseen and undesirable consequences from uncertainties that lead to potentially

welcome surprises (e.g. a shifting habitat mosaic). The significance of reliability and interpre-

tation of uncertainties in this thesis is largely situation-specific and, to date, unexplored.

This review was intended to help unravel the ambiguities around uncertainties about moni-

toring geomorphological change and recast them as useful pieces of information. More im-

portantly, the typology and embracing uncertainty framework provide a context to articulate

what type of uncertainty is addressed in this thesis and how it is approached philosophically.

Traditional scientific research typically has focused on a narrow class of uncertainties and

adopted the eliminate and reduce uncertainty philosophies. Out of the decision-making arena

has emerged the pragmatic view of coping with uncertainty. However, it was concluded that

embracing uncertainty could also help transcend the scientific research and decision mak-

ing boundaries in river restoration. In this thesis, the embracing uncertainty framework may

be used as a philosophical approach to the basic problem of uncertainty from morphological

sediment budgeting in rivers.

The specific types of uncertainties that this thesis will address are highlighted with stars in the

’embracing uncertainty’ framework of Figure 2.11. Returning to the thesis aim and objectives

in § 1.3, a reliability problem and a meaningfulness problem were identified with respect to

morphological sediment budgeting. The premise is that one of the primary sources of these

two types of uncertainties is limited knowledge due to reducible ignorance (Star 4 in Fig-

ure 2.11). That is, a more complete understanding and articulation of these uncertainties

through research, should transform the uncertainty resulting from ignorance to a useful state-

ment of the magnitude of unreliabilities inherent in data or analyses (Star 2 in Figure 2.11). Of

central importance to both the reliability and the meaningfulness problem are uncertainties

due to natural variability (Star 1 in Figure 2.11). Specifically, spatial variability in surface

representation uncertainty and spatial coherence in erosion and deposition patterns could be
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Figure 2.10: Embrace Uncertainty Strategy. Framework for embracing uncertainty in decision
making process. This framework relies on the Van Asselt (2000) typology of
uncertainty.
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Figure 2.11: Aim and Uncertainties Addressed in this Thesis. The aim of assessing the signif-
icance of uncertainty is highlighted in yellow within the ‘embracing uncertainty’
framework. The types of uncertainties addressed are labeled with numbered stars
one through four, and referenced in the text. The rest of the framework is grayed
out (see Figure 2.10).
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better characterised and used to better constrain geomorphological change calculations and

interpretations. Additionally, any techniques used to monitor geomorphological changes or

predict geomorphological changes are prone to unreliability uncertainties, many of which can

be quantified and some of which might be reduced or constrained. The emphasis here is not

on reducing the uncertainty in topographic surveying, but instead on quantifying its magni-

tude in a way that enables a more informed judgment on the quality of calculated and inferred

changes from inter-comparing surveys. Without considering these uncertainties, the quality

of interpretations is suspect and prone to conflicting evidence and suggestions (e.g. Star 3 in

Figure 2.11).
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