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Env-411 (Ecohydrological Modeling)

S. Bonetti (sara.bonetti@epfl.ch)

“We forget that the water cycle and the life cycle are one”

(Jacques Yves Costeau)
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▪ Mathematical models are key to guiding decision making

▪ Always approximations and simplifications of real systems (models are not reality: this is perhaps 

an obvious point, but it is regularly ignored)

▪ Physically-based VS data-driven

▪ Spatially distributed VS lumped

▪ Early physically based models were simple (mostly dictated by the limited computational 

resources) VS nowadays (hundreds of terabytes of memory needed to run certain models)

▪ Major limitations, nowadays, stem from the difficulty to obtain enough detailed data to 

characterize all variables that are involved in the system (more than by computational resources)

▪ Increasing data availability -> does not necessarily make model development easier
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More 
complex 
models

More 
parameters

More data
"I remember my friend Johnny von 

Neumann used to say, with four 

parameters I can fit an elephant, and with 

five I can make him wiggle his trunk.” 

E. Fermi (1953)

Mayer et al. (2010), Am. J. Phys. 78(6)
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A model should be:

- Reliable: it gives approximately correct predictions under most circumstances. 

- Robust: whose results do not depend sensitively on the specification of quantities that are poorly known. 

- Realistic: it includes sufficient processes, represented in adequate detail, to allow simulation of the 

system’s response to a change in all of the external variables of interest. 

Possession of one feature above does not by any means guarantee the rest.

Although it seems reasonable to expect that a 

model including a larger subset of processes that 

are known to be important should be more realistic 

than a simpler model, increases in reliability and 

robustness by no means automatically follow.

“We will argue that the dominant paradigm in land-surface 

modelling focusses too heavily on realism at the expense of 

the other two R’s” (Prentice et al., 2015)
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▪ Based on different models (all consistent with observed data) predictions of future or hypothetical 

scenarios can vary widely.

▪ Uncertainty of model results refers to the potential variability of the results due to different model 

structure, input parameters, and forcing variables (Beven, 1993; Montanari, 2007)

▪ When models are employed to make forecasts or as a tool for decision-making processes, it is 

important to quantify and, if possible, reduce the uncertainty of their results.

1. Three conventional steps to build a model:

A. Conceptual model

B. Mathematical model

C. Evaluating solutions (analytical, numerical)

2. Once the model is setup, a sensitivity analysis is performed to quantify the variations of its results due to 

variations of its parameters

3. Parameter calibration and model validation
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Input data 

uncertainty
Measurements errors from sensors

Better and repeated measurements, 

postprocessing of data (cleaning, gap-filling)

Input data 

uncertainty
Spatial representativity of local observations + errors from 

regionalization

Statistical techniques can be used to map 

most probable values and their uncertainty 

ranges

Input data 

uncertainty

Climate data uncertainty (different emission scenarios, 

climate model structural uncertainty, chaotic nature of 

climate processes)

Ensembles of climate projections

Structural

uncertainty

Conceptual model, mathematical model, numerical 

solution
Multi-model ensembles

Parameter

uncertainty
Estimation of parameters Bayesian approaches, data assimilation

Output data 

uncertainty

Observed outputs (used for calibration/validation) can 

have errors
Statistical techniques

➢ These uncertainties interact with (and add to) each other in complex manners

➢ Epistemic (due to lack of knowledge) vs. aleatoric (irreducible part of total uncertainty) uncertainty
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