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Abstract

All forms of hydrological prediction involve many different sources of uncertainty. Many of these sources of
uncertainty involve knowledge (epistemic) uncertainties that are not necessarily easy to represent statistically.
This can create problems for communication and interpretation between modeller and users when uncertain
predictions are presented. One way of dealing with this problem is to define Guidelines for Good Practice in
the form of a set of decisions that must be agreed and recorded for later evaluation and review. The Catchment
Change Network (CCN) is a knowledge transfer project, funded by the UK Natural Environment Research
Council, that aims to bring academic research and practitioners together to produce guidelines for good prac-
tice for uncertainty estimation in predicting the future in the areas of flood risk, water quality and water scar-

city all of which involve important epistemic uncertainties.

Key words
decisions

Sources of Uncertainty in
Hydrological Prediction

The current legislative framework for management of
water in Europe, including the Water Framework Direc-
tive and Floods Directive requires some hard decisions
about future investments to achieve the requirements of
good ecological and chemical status for sustainable use
and good flood risk management. Such decisions require
predictions about the nature of future hydrological re-
sponses, predictions that must be inherently uncertain.
The degree to which the predictions are uncertain, and
the possibility of constraining the uncertainty by the
collection of (cost-effective) observations, might change
the investment decisions taken. So, it follows that as well
as needing good models to make such predictions, we
also need robust ways of estimating the associated uncer-
tainties in a way that can inform a risk-based decision
making framework. This is currently a difficulty because
we cannot be sure that our models or knowledge of the
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relevant boundary conditions are adequate (particularly
in water quality, ecohydrology and the flood risk
models). We cannot be sure that these knowledge or
epistemic uncertainties can be treated as if they are
statistical in nature (i.e. a result of random variability).
Thus, good practice is not necessarily to invoke statisti-
cal uncertainty estimation, which does not deal well
with complex epistemic uncertainties (see Beven, 2002,
2006, 2009). This then raises some interesting issues
about how to communicate the assumptions used to
describe the different sources of uncertainty in hydro-
logical prediction.

The nature of errors in
environmental modelling

It has been traditional to deal with uncertainty in risk-
based decision making in terms of probabilities. Indeed
some statisticians suggest that probability is the only co-
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herent framework with which to deal with uncertainty
(e.g. O Hagan and Oakley, 2004). This implies however
that the uncertainties can be assumed to be aleatory (i.e.
at base due to random variability) in nature, or, at least,
can be treated as if they were probabilistic in nature. But
this is often difficult to justify given the nature of errors
in environmental modelling. We can recognise, all too
easily, sources of epistemic uncertainty in representing
environmental systems. Epistemic uncertainty arises
from lack of knowledge and may be difficult to charac-
terise due to changing characteristics in time and space.
Epistemic uncertainty arises in the meaning of observa-
tions, in the representation of relevant processes in a
model structure, and in the representation of the bound-
ary conditions and states of that model. Very often, we
also understand that the nature of such errors will be
non-stationary in time and space; variability that will
ultimately control the complex structure of any residual
series between model prediction and observation. This
recognition is not new. In the past such errors have been
called the real uncertainties as opposed to those that
could be assessed in terms of probabilities.

Consider the sources of uncertainty that influence the
assessment of flood risk. In flood risk mapping, a dis-
tributed hydraulic model (generally formulated in either
1 or 2 dimensions) is provided with upstream, down-
stream and lateral boundary conditions. To make pre-
dictions it will require a representation of the geometry
of the flood plain, and a representation of the convey-
ance of the channel and floodplain (including the repre-
sentation of geometry and any effects of vegetation,
structures, hydraulic jumps, internal shear on effective
momentum losses etc). Uncertainty in such flood inun-
dation predictions has been considered in the past using
avariety of different models and methods (e.g. Romano-
wicz et al., 1996; Romanowicz and Beven, 1998, 2003;
Aronica et al. 1998; Bates et al., 2004; Pappenberger et
al; 2005, 2007a,b; Werner et al.,2005; Mason et al.,
2009). All of these papers have included only some of
the relevant uncertainties, though in many cases this was
justified by conditioning on observed inundation data
to give a likelihood to each of an ensemble of simula-
tions such that any sources of uncertainty not treated
explicitly can be assumed to have an implicit effect. It
does not then follow that predictions under different
(possibly more extreme) conditions will be equally well
represented (see, for example, the three events consid-
ered in Romanowicz and Beven, 2003). For a full risk
analysis, estimates of the potential damages for different
levels of inundation will be required. This will be a fur-
ther source of uncertainty.

In fact, it is difficult to see any of the sources of uncer-
tainty listed above as free from epistemic uncertainty.
Consider the representation of the boundary conditions.
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One dimensional hydraulic models require two bound-
ary conditions (for sub-critical flow) at both upstream
and downstream boundaries because there are two un-
knowns, depth and velocity. This is normally achieved
by setting a water level and then inferring a mean veloc-
ity or discharge from a rating curve or uniform flow
equation (assuming a water surface parallel to the bed
slope). Two-dimensional models are more complex in
requiring water levels and velocities in every element at
the upstream and downstream boundaries, though usu-
ally similar simplifying assumptions are made. However,
it is rare that rating curve observations extend to flood
stages, even at gauging stations. Thus there is a certain
lack of knowledge about what the true mean velocity (or
equivalent roughness) would be when a hydraulic model
is used to predict extreme flood events. The boundary
conditions will be subject to epistemic error.

Similarly, lateral inflows (or transmission losses) are
often neglected as negligible or estimated from rather
poor information, unless there is a major tributary
(which will be subject to similar or greater uncertainty
to upstream and downstream boundary discharges).
Over short reaches this may be acceptable; over long
reaches it will be a source of error and uncertainty, but
because we have little knowledge of how to estimate the
magnitude of lateral inflows, this will be epistemic in
nature.

Channel geometry can be another source of epistemic
error. Surveys of the in-bank channel are expensive and
are only made at a restricted number of cross-sections.
Representation of flood plain geometry and infrastruc-
ture has improved with the more widespread availability
of high resolution LIDAR and SAR digital elevation
data, but there may still be features such as field bound-
aries, walls and flow pathways under bridges that affect
the effective roughness, water storage and flow velocities
on flood plains but which do not appear in the digital
elevation model. Estimates of the nature of the vegeta-
tion on flood plains from LIDAR surveys have also been
used to estimate roughness coefficient (e.g. Mason et al.,
2003) but LIDAR surveys are rarely repeated and vege-
tation is not a stationary characteristic. There will be
epistemic uncertainties in inferring values of an effective
roughness coefficient at different times and flood mag-
nitudes from the limited data available.

An example of a flood risk map produced for the
town of Carlisle in Cumbria, UK is shown in Figure 1
(see Leedal et al., 2010). To make a proper interpreta-
tion and assessment of the probabilistic representation
of the uncertainties in this case it would be necessary to
know something about how the various sources of un-
certainty discussed above have been treated. Experience
suggests that treating uncertainties as if they were simple
aleatory probabilistic errors tends to lead to overconfi-
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