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Modelling is undertaken for a variety of reasons. The pre-
sent short discussion focuses on everyday model usage as un-
dertaken by government and consulting companies to assist
in environmental management. In this context, a model’s
purpose is to predict the behaviour of a system under a ma-
nagement regime which is not yet in place or has just started.
The term management regime may refer to excavation of a mine,
extraction of water, contaminant remediation, allocation of
water for irrigation, etc. A common aspect of all these prac-
tices is evaluation of the risk of bad things happening. The
decision-making process should include exploration of the
costs and benefits associated with alternative management
practices, and quantification of risks accompanying different
management decisions.

Numerical models, being able to make predictions, play
the latter role. It is important to understand that any model
prediction cannot be made with certainty, even if a model has
been well calibrated. It therefore follows that a model cannor
predict what will happen in the future. However, following
proper uncertainty analysis, it may be able to predict what will
NOT happen in the future. This is an important statement with
important implications.

Environmental management is undertaken to prevent the
outcomes of human activity from having unwanted conse-
quences (bad things). Given that model predictions are ne-
cessarily probabilistic in nature, how can they support envi-
ronmental management?

To use models properly in the decision-making context, a
change in the philosophy of model usage away from the cur-
rent ¢rystal ball mentality is required. Environmental mana-
gers must refrain from asking What will happen if we do this or
thar? Instead they should ask If we implement this particular ma-
nagement strategy, can it be demonstrated that this costly bad thing
will NOT happen? and if it MAY happen, how can we get early
warning, and what measures can we take to prevent it? The latter
course of action is often referred to as adaptive management.

How can the possibility of bad things happening be explo-
red with a model? The unlikelihood of occurrence of a bad
thing can be demonstrated by showing that its occurrence is
incompatible with expert knowledge and/or with the histori-
cal behaviour of the system. A model is unique in its ability
to do this. However, it cannot do it alone; to achieve this, a
model must be used in conjunction with software {such as
PEST (Doherty, 2015), and geostatistical packages], which,
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through inversion and uncertainty analysis, can demonstrate
such incompatibilities.

It is still commonplace for a calibrated model to be used
for predictive purposes without uncertainty analysis. Oznce we
calibrate the model, it will be fine. We provide the model with cor-
rect boundary conditions, we calibrate the parameters on the basis of
bistorical data, and then we obtain a perfect support for decisions.
This is, of course, fantasy.

A model requires thousands, maybe millions, of parame-
ters. The earth and processes associated are heterogeneous. It
is simply impossible to supply the correct values for the thou-
sands of parameters that a perfect simulator of environmental
processes would require. So why is calibration such an establi-
shed part of modelling culture? Part of the answer lies in wi-
shful thinking — the same thinking that has underpinned all
attempts by all societies over all ages to prophesize the future.
Part of it lies in the fact that calibration, and the quest for
parameter uniqueness, is an easier problem to solve numeri-
cally than quantification of post-history-matching probability
distributions.

Unfortunately, reality rarely conforms to the dictates of
wishful thinking; the inability to uniquely parameterize it
does not make complexity go away. A modeller can neglect
parameterization complexity only if he/she wishes to weaken
a model’s ability to quantify predictive uncertainty. But given
the role of risk assessment in decision-making, why would he/
she want to do that?

Acceptance of the notion that calibration cannot provide a
model with prophetic abilities induces us to abandon para-
meter parsimony as a parameterization philosophy, and turn
to the use of underdetermined methods. It is contended that
parsimony and highly parameterized methods are not ends
in themselves; they are strategies that a modeller implements
as part of his/her desire to achieve a greater end. The validity
of either strategy in any particular context must therefore be
judged according to its capacity to achieve that end.

Highly-parameterized methods and characterization of hi-
story-matching as an ill-posed inverse problem define a wor-
king environment where the comforting notion of parameter
uniqueness is abandoned, and where we must learn to live in
a world of mingled parameter relationships. But still, amidst
this chaos, we can begin to answer some important questions,
and gain important insights into what a model can and can-
not achieve, as we strive to understand and manage the envi-
ronment (Doherty and Simmons, 2013).
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But even if we reject the traditional approach to calibration
based on parameter parsimony, we are still faced with a deci-
sion of how much complexity we should include in a model,
for our computing resources will always be limited. There
will always be compromises. The point is that the level of
complexity must be set according to its salience to decision-
informative predictions; decision-relevant complexity should
not be eschewed simply because it cannot be parameterized
uniquely by a limited calibration dataset. If this approach is
not adopted, a model’s ability to contribute to the decision-
making process will be compromised. Specifically, if a pre-
diction of interest is sensitive to a specific system detail, that
detail must be represented in the model. Since all parameters
required to represent such detail can hardly be estimated uni-
quely, they must be represented on a stochastic basis. The
importance of uncertainty analysis should be obvious.

Highly parameterized, model-based uncertainty analysis
can form a powerful basis for open and informed environmen-
tal decision-making. That analysis also implies a large subjec-
tive component, requiring the exercise of expert judgement at
every turn. This is a good thing, for it ensures that the model-
ling process becomes an instrument for making inquiries, and
forms a basis for open debate amongst competing hypothe-
ses, rather than a laboratory instrument expected to give the
“right answer”. If modelling is done in an open manner, with
different stakeholders involved in the inquiry process, it will
inevitably lead to more effective resolution of disputes than
that which often accompanies model-based decision-making
today.

Data processing and uncertainty analysis in which system
complexity is acknowledged and numerically accommodated
(supported by packages such as PEST) must include a high
degree of user-involvement. The subjective component of un-
certainty analysis thus implies that matching the historical
behaviour of a system, and predicting its future behaviour,
must be a partnership between the software and the expert.
Modellers are required to understand the systems which they
manage, characterize numerically what they know and what
they do not know, and explain to decision makers the risks
associated with alternative courses of action as these arise
from an incomplete knowledge of the complex system which
is being managed.

In conclusion, it seems that environmental modelling is a
murky business — a business that will always be subjective
and hence a hotbed for arguments. But if models can serve
to focus those arguments on issues that matter — issues that
science rather than rhetoric may ultimately resolve - then the-
se arguments will have served the decision-making process
well.

This is a far more productive outcome of model usage than
that which seeks to award one duelling model victory over
another, when both in fact make false and undeserving claims
to prophetic visions of the environmental future.
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Calibrated! But is it that simple?

Some groundwater model calibrations are based on user-defined zones in
which hydraulic conductivity is assumed to be uniform. This may be a valid
representation of subsurface properties where underground geology is as
clearly depictable as surface geology and when each lithotype is in fact
homogeneous. In (a) the “real” hydraulic conductivity distribution of an
aquifer is represented; this aquifer is tapped by 12 observation wells in
which the head has been measured (Moore and Doherty, 2005). Zone-
(unknown) based calibration depicted in (b) provides good agreement between
observed and simulated heads. However its prediction of the time taken
for a particle to travel to the southern boundary of the domain is wrong by
a large margin. This is not necessarily bad as all models are wrong. What
is bad is that when predictive uncertainty is analysed with parameterization
based on these zones, the true travel time does not fall within the
uncertainty limits.

An alternative parameterization approach can be adopted. The possibility of aquifer heterogeneity can be maintained
during the calibration process by using pilot points as a parameterization device (c). Pilot points have actually been
used for a long time (de Marsily, 1978; Doherty 2003; 2008; Fienen et al. 2009; de Marsily et al. 1984; RamRao et al.
1995; LaVenue et al. 2001; Certes and de Marsily 1991). However they are still not used so widely in everyday
modelling, even though their use is growing. A special quality of this parameterization method is its ability to represent
the possibility of geological heterogeneity when undertaking calibration and (more importantly) calibration-constrained
uncertainty analysis (Tonkin and Doherty, 2009). Calibration still yieds a parameter field that leads to a wrong
prediction. But calibration -constrained uncertainty analysis yields e.g.1000 parameter fields, all of which include
parameterization detail that is somewhat representative of the real system, and all of which allow the model to fit the 12
heads which comprise the calibration dataset. All of these lead to different particle path and travel time predictions (d).
A posterior probability distribution of the particle exit time can be constructed from these (e). This distribution includes
the correct travel time. Decision making can then be based on statements such as “The travel time of the contaminant
is between 15 and 22 years with a probability 0.72". This is far better than “The travel time of the contaminant is 20
years, and we can only guess at how much that may be wrong”.
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