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Uncertainty estimation in hydrological modelling is receiving increasing
attention by researchers and practitioners. However, the transfer of rela-
tive know-how from scientists to end-users is still difficult, notwithstand-
ing the relevant research activity developed in the last 10 years. This
problem was rightly pointed out in a recent commentary on HPToday
by Beven (2006), who even wondered whether the results of uncertainty
analyses will undermine the confidence of stakeholders in the science of
hydrology.

One of the main reasons that so far prevented the hydrologic com-
munity from efficiently communicating the knowledge about uncertainty
estimation is certainly the impracticality of a systematic testing of the
many methods proposed recently. As Beven (2006) pointed out, to per-
form extensive validation in hydrology is not easy, and impossible in
some cases. However, I think this is not sufficient to justify the unques-
tionable trouble that applied hydrologists have to deal with when they
try to identify from the current literature the best uncertainty estimation
method for their needs.

The topic of uncertainty assessment in hydrology suffers today from
the lack of a coherent terminology and a systematic approach, which
would allow us to clearly classify the practical problems to be solved and,
consequently, the methods that can be used. Even the term ‘uncertainty’
itself is sometimes used without any reference to the precise scientific
definition of its meaning. The result of this situation is that it is extremely
difficult (if not impossible) to assess the prerogatives and limitations of
individual methods that are currently used by researchers to quantify
the reliability of hydrological simulations, design variables and forecasts.

The aim of this comment is to provide some personal opinions and
ideas in order to better identify (a) the questions concerning uncertainty
estimation currently raised in applied hydrology and (b) the peculiarities
of the most widely-known uncertainty estimation methods. The purpose
is to contribute to the discussion about the strategy that could be used
in order to convey the results of uncertainty estimation to stakeholders
without undermining their confidence in hydrological studies.

The Meaning of ‘Uncertainty’ for Hydrologists
Uncertainty is a common everyday experience in human life. A unique
definition of uncertainty is hard to find in the literature. In a broad
sense, we may say that uncertainty can be considered an attribute
of information (Zadeh, 2005). This definition can be well applied to
hydrology, where uncertainty was traditionally dealt with by using the
probability theory. This used to be a common practice even in other
scientific fields. Today, many authors are convinced that uncertainty
can be efficiently dealt with in a much broader perspective, in which
statistical information is one (albeit an important one) of the many
possible forms of information (Zadeh, 2005; Langley, 2000). This is a
very interesting view (discussed in the conclusion of this commentary).
However, I would like to stress that non-statistical approaches (also
known as possibilistic methods, explained later) are also referred to as
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techniques based on ‘imprecise probability’ (Hall and
Anderson, 2002). In other words, they are very useful
when the available information does not allow one
to describe the uncertainty in terms of probability,
which, in my opinion, remains the most descriptive
approach to uncertainty assessment.

The practical meaning of ‘uncertainty’ for hydrol-
ogists can be better understood by focusing on the
related questions hydrologists themselves are most
interested in. As a matter of fact, practitioners are
often involved in assessing the uncertainty of two
types of variables that are estimated in applications,
namely, (a) uncertainty in the design variable or
design process (like peak flow or flood hydrograph)
and (b) uncertainty in the forecast (typically rainfall
or river flow forecast). In both cases we deal with the
uncertainty of a model output. Hydrologists are often
interested in the reliability of model parameters and
observed measures as well; however, this latter inter-
est is often motivated by the need to obtain necessary
information in order to estimate the uncertainty of a
model output. It is important to note that uncertainty
of the model parameters and observed measures is
the subject of a relevant and ongoing research activity
that focuses on techniques that are generally different
with respect to those that are used to estimate the reli-
ability of a model output (although some approaches
may allow a joint assessment, an example is the simul-
taneous optimisation and data assimilation (SODA)
method (Vrugt et al., 2005)). I personally believe it
would be advisable to keep these scientific fields well
distinguished in order to convey a clearer view to the
end users.

In the remainder of this commentary we will focus
our attention on the uncertainty assessment of the
output of a generic hydrological model. This is the
problem end users are most interested in.

An Attempt to Classify Uncertainty
Assessment Methods for the Model Output
The most direct method to assess the uncertainty of a
system output is to derive its statistics from knowledge
of the statistical properties of the system itself and the
input data (Langley, 2000). However, this approach
may be limited by two main problems. First, the
derivation of the statistics of the output can imply
significant mathematical and numerical difficulties;
second, the statistical properties of the system and the
input may not be known in detail.

The first difficulty has stimulated the develop-
ment of a first type of uncertainty assessment tech-
nique, namely, the approximate analytical methods.
An example is the asymptotic reliability analysis, like
the first-order reliability method (FORM) and second-
order reliability method (SORM).

The second problem mentioned above may be
even more difficult to deal with. For instance, the
definition of the statistics of the system is a delicate

step of the uncertainty assessment method that was
recently proposed by Huard and Mailhot (2006) in a
hydrological context.

Different methods have been devised to deal with
the two problems mentioned above. A solution was
found by studying the uncertainty of the model output
by directly analysing the statistics of the model errors.
In this way, another type of uncertainty assessment
methods was developed. Accordingly, a model run is
used to obtain a Monte Carlo simulation of the error
itself. This approach was considered in many hydro-
logical studies. It was recently used by Krzysztofowicz
(2002) in the framework of the Bayesian Forecasting
System (BFS). A similar philosophy was also applied
by Montanari and Brath (2004) in a meta-Gaussian
approach. Of course, the observed data are them-
selves uncertain, and therefore the model reliability
analysis will not be correct in absolute terms (in the
ideal situation of a perfect model, if we compare its
response with the uncertain output observations that
we assume to be correct, we may wrongly conclude
that the model is uncertain). However, in any case,
from a practical point of view, the difference between
the model response and what we measure in the field
provides important information for the sake of infer-
ring reality based on the model output (Refsgaard
et al., 2006).

A limitation of this type of technique could be the
suitability of the stationarity and ergodicity assump-
tions that are operated on the error model in order to
be able to derive its statistics from a simulation (which
in hydrology is often short). However, it should be
noted that the adoption of stationarity should not be
always seen as a weakness; rather, it should be seen
as a point that offers us a solution when we do not
have any concrete information that could be trans-
lated into a different description. Therefore, in the
specific case of the above techniques, the assumption
of stationarity for the error model allows us to extend
to unknown events the information we gained from
the observation of the natural process, under a clearly
understandable hypothesis. In other words, I believe
it is much better to profit from this type of statistical
information, on the basis of the stationarity assump-
tion, than to neglect the information by questioning
the assumption itself.

Another possibility to assess uncertainty is to derive
the statistics of the system output numerically, by
performing another type of Monte Carlo simulation.
Once the statistics of the input data and system are
known (or are assumed to be known), one may gen-
erate multiple model runs by randomly sampling
the input data space and the system space, thereby
obtaining a collection of outputs that can allow one
to derive the statistics of the output itself. Here the
system space is intended as the collection of all the
behavioural modelling solutions that are obtained by
varying the model structure and parameters (Refs-
gaard et al., 2006). This is the basic philosophy of
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the Generalized Likelihood Uncertainty Estimation
(GLUE; Beven and Binley, 1992), which is proba-
bly the most used uncertainty assessment method in
hydrology. In GLUE, the output of each simulation
is weighted through a formal likelihood measure in
order to give more credibility to the simulations pro-
duced by more reliable modelling solutions. A prob-
lem with this type of approach is the selection of an
appropriate sampling procedure from the input space
and, especially, the system space. In fact, though per-
forming simulations with varying parameters is rela-
tively simple, it is not yet clear how one can efficiently
sample the space of the model structure. Moreover, a
second problem is that the rescaled likelihood measure
that is employed within GLUE (the literature has pro-
posed many solutions (Beven and Freer, 2001)) is not
a consistent estimate of the probability density of the
model output. Therefore, the obtained confidence lim-
its do not necessarily encompass the true observation
with a given frequency (Montanari, 2005). In fact, the
output of GLUE depends on the likelihood measure
that is used and therefore is subjective. Unless this
problem is solved, GLUE should not be considered as
a probabilistic method, but instead should be consid-
ered as a weighted sensitivity analysis. Therefore the
confidence limits provided by GLUE could be better
named as sensitivity envelopes.

Being based on the user’s judgement, it can be
considered that GLUE is not dissimilar to another
class of uncertainty assessment approaches that is
increasingly gaining attention in hydrology recently,
namely, the non-probabilistic methods.

Non-probabilistic methods are various generaliza-
tions of probability theory that have emerged since
the 1950s, including random set theory, evidence
theory, fuzzy set theory and possibility theory. In
particular, fuzzy set theory and possibility theory
have received considerable attention from hydrolo-
gists because much human reasoning about hydrolog-
ical systems is possibilistic rather than strictly prob-
abilistic. We reason about whether a given scenario
could happen, without necessarily endeavouring to
attach probabilities to the likelihood of it happening,
particularly in situations of very scarce information.

On the basis of the above considerations, four types
of techniques for assessing the uncertainty of the
output of a hydrological model can be identified:

ž approximate analytical methods;
ž techniques based on the statistical analysis of model

errors;
ž approximate numerical methods/sensitivity analy-

ses;
ž non-probabilistic methods.

The above list can probably be updated, especially
in view of the considerable research activity that
is continuously being undertaken. Moreover, it is
important to note that some techniques may fall across

the different categories listed above. However, it is
important to agree about a consistent classification in
order to better convey the behaviour of each method.

How Should We Select the Most Appropriate
Uncertainty Assessment Method in
Hydrology?
To answer this question is certainly not easy, as the
topic is continuously undergoing development. How-
ever, I believe that we should try to propose an iden-
tification procedure for the uncertainty assessment
methods. What follows is only a collection of thoughts
based on my personal opinion, with the aim of stim-
ulating a discussion. An interesting review about the
subject is also presented by Refsgaard et al. (2006).

First, I would say that the experiments with syn-
thetic data might be a useful tool to test and show
to end users the performances of the different meth-
ods. Beven (2006) questions the value of synthetic
experiments in the face of real applications, “. . . when
it is impossible to have secure knowledge about the
different sources of uncertainty”. However, I think
that an uncertainty assessment method that is good
in real world applications should be equally good
when applied to a hypothetical numerical experiment.
Therefore, I would say that synthetic tests could be
an extremely useful tool in order to identify the main
behaviour and optimal ambits of application of each
technique (Montanari, 2005).

To start the discussion about what method to
choose, let us first focus on the typical question an
end user asks about uncertainty: ‘Please give me an
indication of a confidence (or a prediction) interval
for my design (or forecasted) measure (river flow,
rainfall, and so forth)’. We should remember that the
confidence interval (CI) is defined as a range between
two random variables with an associated probability p
(the confidence level) such that if the CI is recalculated
for many design measures according to the same
method, a proportion p of the CIs would contain the
true value. This is the indication we should provide
when we talk about CIs in our studies.

The first indication to be provided in order to iden-
tify the most suitable uncertainty assessment method
is that it must be able to take into account any type
of useful information. This is a fundamental premise.
For instance, in real time forecasting, a very impor-
tant piece of prior information is provided by the
last forecast error; the errors of hydrological models
are significantly correlated (in many rainfall-runoff
model applications the lag-one autocorrelation coef-
ficient of the model errors can be as high as 0·8).
This prior information is not taken into account in
the classical formulation of GLUE and in the meta-
Gaussian approach by Montanari and Brath (2004).
Therefore, these methods should not be used in fore-
casting, unless some modifications are made. Corre-
lation in the forecast errors is instead accounted for
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in the SODA method (Vrugt et al., 2005) and in the
BFS by Krzysztofowicz (2002), where it constitutes
the prior information that is subsequently updated,
through the Bayes’ theorem, in light of the rainfall-
runoff model reliability analysis.

When an extended series of observed variables is
available, an important piece of information is indeed
provided by the statistical analysis of the model errors.
Therefore, in such conditions, these techniques should
be considered. Of course, one has to verify the appro-
priateness of their underlying hypotheses. Testing the
assumption of stationarity may be particularly wor-
risome when the database is limited. Probabilistic
methods for uncertainty estimation have limited use-
fulness in the case of ungauged basins and should
be used with care for estimating the uncertainty of
exceptional events for which historical information is
always scarce.

In the case of ungauged or scarcely gauged basins,
non-probabilistic approaches, including sensitivity
analyses, probably convey the most promising per-
spectives. In this case, GLUE can allow one to explore
the variability of the model output by sampling the
space of the possible modelling solutions. However, it
should be clear for the end user that, in the case of
ungauged basins, the uncertainty is always relevant
and that the indication we derive by applying non-
probabilistic methods cannot be expressed by means
of a probability. We must admit that when only a lim-
ited amount of information is available the expression
of uncertainty in terms of a probability is not possible.

To summarize the above considerations, the identi-
fication of the uncertainty assessment methods should
take into account the following main issues:

ž the type of model whose output uncertainty is to be
inferred (simulation, forecasting);

ž the type of information available (observed data,
information about model uncertainty);

ž the prerogatives of uncertainty assessment methods.

Are the Uncertainties in Hydrology Being
Overestimated?
The title of this paragraph is quoted from Beven
(2006), who stated that ‘The answer to this has to
be that we do not actually know’. My opinion about
this issue is more optimistic. I would say that a
realistic answer would carefully evaluate the amount
of data available. When the information is scarce,
I agree that the answer would be that ‘we do not
actually know’. In such a case we can only provide a
sensitivity envelope that may have nothing to do with
a confidence interval defined on probabilistic grounds
(albeit that it might be very useful for practical
applications).

However, when sufficient information is available,
I believe we can efficiently judge whether uncertainty
is correctly estimated. There are many examples of

applications in which uncertainty is operationally
assessed, with interesting and extensive results (see,
for instance, the operational testing of the BFS oper-
ated by the US National Weather Service (Krzyszto-
fowicz, 2002)).

I believe it is important to let the end users know
that the hydrologic community has been developing
many approaches for uncertainty estimation (see
http://www.es.lancs.ac.uk/hfdg/uncertainty workshop/
uncert intro.htm) and that uncertainty in hydrology is
consistently addressed, and in some cases we can also
efficiently address the practitioner’s requests. What is
required is to develop established and accepted guide-
lines for the identification of the appropriate uncer-
tainty assessment method, depending on the purpose
of the application and availability of data. We also
need a clear view of the requirements that must be
satisfied in order to compute probabilistic CIs or,
alternatively, sensitivity envelopes. What hydrologists
need is not a method that is best, but a theory and a
terminology that are comprehensive and clear.

Perspectives for the Future

A view about future perspectives can be derived by
recalling the fundamental premise mentioned above:
an uncertainty assessment method must be able to
take into account any type of useful information.
This assertion opens the door to a relevant avenue
of research: the development of a generalized theory
that may allow us to profit from different types
of information, either probabilistic or possibilistic
(Langley, 2000).

A recent interesting contribution to this issue was
given by Zadeh (2005), who showed how different
types of constraints on uncertainty estimation (such
constraints may be probabilistic, possibilistic, veris-
tic, fuzzy-graph, bimodal and many others) can be
combined within a Generalized Theory of Uncertainty
(GTU). The possibility of combining the strengths
of different methods for uncertainty estimation in
hydrology, including also the user’s knowledge and
belief (Hall and Anderson, 2002), would undoubtedly
allow us to move forward by a significant step.
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