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Preface

THE ROAD I SET MYSELF ON when I called Suzanne, five years ago, to talk
about an interesting position regarding ‘uncertainties’, was winding and full of
divergions. Uncertainty may be a topic hard to love, but I never quite escaped
its attraction. My introduction to it was nine years ago during my internship at
the Polish Academy of Sciences. The lively academic discussion on the subject
captured my young imagination. Science that evokes such discussion must sure
be worth pursuing! Renata, you once set me on this path and will be there to
witness its conclusion (for the time being). Thank you for your mentorship,
which continues to shape my career.
I wanted to combine the PhD position with my ‘regular’ job at Deltares,
and was supported in this choice. Thank you Johan, Gerard and Suzanne, for
making this possible and for seeing the benefit of combining academic research
and applied research. However, looking back on my time as a part-time PhD
candidate in Enschede, part-time researcher at Deltares in Delft, my first thanks
should perhaps have gone to the Dutch Railways, without whom this would
not have been possible.
As solitary as a PhD journey may be, you still have to share a room. Juliette,
we were office mates for (almost) the entire trip. Thank you for challenging me
during our joint RiverCare and NCR work, your tireless dedication and for all
the good times. Sara, Joost and Yared; our office time together was too limited,
but not less enjoyable for it.
Thanks to my coauthors on the chapters in this thesis, Menno, Freek, Wiebe,
Rosh, Ellis, Un, Matthijs, Jord and Suzanne. All you contributions, reviews and
expertise has certainty lifted the quality of this work. Thanks as well to Anke,
Truus and Monique: without you I am sure none of us could function half as
effective. Thanks to my paranymphs, Matthijs and Asako, for being by my side
during the defense.
One advantage of working two jobs is having twice as many colleagues. The
WEM research group at the University was a warm bed I reluctantly leave,
though I hope that my departure improves the southWEMton squad strength.
From all the good memories to pick from, the klaverjas match with Daan, Geert
and Koen (R) in Shanghai surely belongs to one of my favourites. To my colleagues at Deltares, thank you for making me feel like a part of the team. I look
forward being able to attend cookie Friday more often.
My RiverCare comrades: thanks for the BBQs, meetings and sessions about
interdisciplinarity. You were some of the most talented people I had the pleasure
to work with, and I hope I will continue working together with many of you
in the future.

A very enjoyable part of doing a PhD is getting to work with students.
Through them I learned much more about my own field, and myself. Luísa,
Ilia, Boyan, Marc, Martijn, Ralf, Simone, Thijs and Wijnand: it was an honour
to learn from you.
Jord, your extensive reviews and steadfast optimism are an important factor
to me finishing this PhD. As a fellow ‘uncertainty’ researcher I often felt we were
down in the ditches together. Suzanne, we share a love for project management;
finishing this project in time was our joint ambition and a notch on our belt. You
let me do my own thing, while guiding me through the sometimes deep waters
of scientific publishing. Thank you both for your patience and support.
I owe much to my family (in law). The last leg of this trip was hard for all
of us, but we carry the burden of loss together. Mom, thank you for everything.
Floris and Dagmar, I could not wish for better siblings and friends.
Marieke, you always have my back. You have the patience of saints when
I bring home my (academic) frustrations, as was far too often the case. I am a
happy man to walk through this life with you.

Deventer & Andong, October 2019

Here, the intersection of the timeless moment
Is England and nowhere. Never and always.

Summary

S
HUMAN INTERVENTION IN RIVERS is increasingly supported by computer
model predictions. Due to limited observations of extreme events and the challenges related to predicting future conditions, the recommended practice is to
quantify the uncertainty of model predictions. However, as the computational
costs associated with uncertainty analysis are often considered prohibitive, this
is not carried out in practice. It is therefore unknown how model uncertainty
affects model predictions of the effect of human intervention. Furthermore, it
is unknown to what extent available observations can be used to improve and
potentially reduce uncertainty of model predictions. Therefore, the aim of this
thesis is to improve the understanding of the uncertainty surrounding model
predictions for effect studies.
First, we developed CORAL, a novel approach to decrease the computational
cost of uncertainty analysis. This method is based on the key insight that the two
models involved in effect studies (namely, an unchanged reference model and
the modified intervention model) are similar in most aspects, and that model
runs performed on one model could be reused for the other. In chapter 2, we
show that this ‘recycling’ of model runs leads to a large reduction of the overall
computational cost of uncertainty analysis. In chapter 4, application of the same
method to recycle model runs from a fast, but inaccurate model is used to reduce
the computational cost of uncertainty analysis with a slow, but accurate model.
Using the efficient uncertainty quantification method developed in chapter
2, we then performed uncertainty analysis for archetypical ‘Room for the River’
interventions in chapter 3. Results show that for most interventions, the 90%
confidence interval of model predictions is expected to be approximately 30%
of the mean effect. So if an intervention results in 20 cm decrease of flood water
levels, 90% of all model simulations will fall between 17 and 23 cm.
Parameter estimation based on available observations may potentially reduce
the uncertainty of model predictions. However, the large number of uncertainty
sources prevents parameter estimation for each source. In chapter 5 we explored
an alternative Bayesian parameter estimation based on detailed flow measurements in a large-scale experimental flume with real vegetation. We found that
the presence of understory growth (secondary vegetation growing beneath the
primary vegetation) significantly increased vegetation resistance. Overall, the
estimated roughness of real vegetation exceeded that based on estimators used
in hydraulic models. The results show that probabilistic parameter estimation
does not necessarily reduce uncertainty, but may help to reveal important limitations in (empirical) models.
Finally, in chapter 6 we revisit ‘Room for the River’, to see to what extent

S
the probabilistic model predictions could be verified with available observations.
We used a twenty year (1995-2015) geographical database of the River Waal to
simulate changes in design water levels over the period during which the Room
for the River interventions were carried out. Next, a thirty year (1988-2018)
hydraulic database of measured water levels and discharges was used to model
the observed trend in water level at given discharges. The observed trends show
a gradual decrease in water levels between 1-2 cm per year, which is attributed
to autonomous bed degradation in the River Rhine. A sudden change in this
trend following human intervention was predicted by model simulations, but
not observed in the measurements. Therefore, the accuracy of model predictions
could not be independently verified from the available observations.
The recommended approach going forward is to explicitly quantify and
communicate the uncertainty of model predictions. The methods developed
in this thesis (chapters 2 and 4) help to reduce the computational costs of uncertainty quantification in practice. The analysis in chapter 3 helps to interpret
and use model uncertainty. If detailed observations are available, probabilistic parameter estimation (chapter 5) can help to improve parameterisation of
empirical formulas. Finally, the analysis in chapter 6 provides an independent
comparison between simulated and observed trends, which may provide a basis
for novel approaches to improve model predictions of the future.

S

S

Samenvatting

S
MENSELIJK INGRIJPEN IN DE RIVIER wordt in toenemende mate verantwoord op basis van computervoorspellingen. Doordat hoge afvoeren weinig
voorkomen en het voorspellen van de toekomst uitdagend is, wordt het aangeraden om de onzekerheid van modelvoorspellingen te kwantificeren. De methoden om onzekerheidskwantificatie uit te voeren kosten in de praktijk vaak te
veel rekenkracht. De onzekerheid van ingreepeffectvoorspellingen zijn daarom
onbekend. Bovendien is het onbekend in hoeverre metingen kunnen bijdragen
aan het verkleinen van de onzekerheid van ingreepeffectstudies. Het doel van
dit proefschrift is daarom om het begrip van modelonzekerheid voor ingreepeffectstudies te vergroten.
We ontwikkelden eerst een methode om de benodigde rekenkracht van
onzekerheidsanalyse te verkleinen. Onze methode is gebaseerd op het idee dat de
twee modellen die nodig zijn voor zo’n analyse (namelijk, een referentiemodel
en een interventiemodel) erg overeenkomen. In hoofdstuk 2 vonden we dat
deze overeenkomst zo groot is, dat modelberekeningen met het referentiemodel
herbruikt kunnen worden voor het interventiemodel. Dit brengt de benodigde
rekentijd erg omlaag. In hoofdstuk 4 laten we zien dat dezelfde methode kan
worden toegepast om berekeningen met een snel maar onnauwkeurig model te
hergebruiken voor een langzaam, nauwkeurig model. Ook dit zorgt voor een
grote afname in de rekentijd.
Vervolgens berekenden we, met de hiervoor ontwikkelde methodes, de onzekerheid van modelvoorspellingen voor typische ingrepen uit Ruimte voor de Rivier. Resultaten laten zien dat voor de meeste ingrepen het 90% betrouwbaarheidsinterval ongeveer 30% van het gemiddelde effect is. Dus: voor een ingreep die
de waterstand gemiddeld met 20 cm verlaagd, liggen 90% van de modelsimulaties tussen de 17 cm en de 23 cm.
De onzekerheid van modelvoorspellingen kan mogelijk teruggebracht worden door kalibratie van modelparameters. Het grote detail van hydraulische
modellen, vereist echter ook een gedetailleerde kalibratieaanpak. In hoofdstuk
5 laten we zien dat met een Bayesiaanse methode en stroomsnelheidsmetingen
parameterwaarden kunnen worden afgeschat. We laten bovendien zien dat deze
waarden hoger liggen dan vooraf verwacht, en dat de aanwezigheid van secundaire begroeiing de ruwheid aanzienlijk vergroot. Het resultaat van deze
analyse laat zien dat probabilistische kalibratie de onzekerheid niet noodzakelijkerwijs verkleind, maar wel kan helpen om belangrijke tekortkomingen in vaak
gebruikte (empirische) modellen te ontdekken.
Tot slot passen we de ontwikkelde methoden toe op een langjarige studie
van Ruimte voor de Rivier, om te zien of modelvoorspellingen overeenkomen

met metingen. We simuleren over een periode van twintig jaar (1995-2015)
de waterstanden in de Waal. Deze modelvoorspellingen laten een duidelijk
waterstandsverlagend effect van Ruimte voor de Rivier zien. Een dertigjarige
dataset (1988-2018) van waterstands- en afvoermetingen is gebruikt om langjarige trends in metingen te analyseren. Uit deze metingen blijkt een gestage daling in de waterstand van tussen de 1 cm en 2 cm per jaar, wat wordt toegeschreven
aan autonome bodemdaling. Een duidelijk waterstandsverlagend effect ten gevolge
van Ruimte voor de Rivier wordt niet gevonden. De nauwkeurigheid van modelvoorspellingen kon daarom niet worden getoetst aan metingen.
Omdat de nauwkeurigheid van modelvoorspellingen voor ingreepeffectstudies onbekend is, is kwantificatie en communicatie van modelonzekerheid
sterk aanbevolen. De methodes die ontwikkeld zijn in hoofdstukken 2 en 4
kunnen helpen om deze analyses praktisch haalbaar te maken.
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1.1 Background

1

FOLLOWING THE EVACUATION of more than two hundred thousand peo-

ple from the Dutch Rhine delta in January 1995, the Dutch government decided
in favour of a large scale overhaul of the Rhine river system (Rijke et al., 2012;
Fliervoet et al., 2013). This flood prevention programme (Room for the River)
consisted of 39 coordinated interventions in the Dutch Rhine Branches (Figure
1.1), such as side channels (Van Denderen et al., 2019), and longitudinal training dams (Collas et al., 2018; De Ruijsscher et al., 2018). These efforts built on
river engineering from the previous century. In the second half of the 19th century, large scale channelization took place in the Rhine and Mississippi rivers to
narrow and deepen channels to improve navigability and reduce the forming of
ice (Lintsen, 2005; Remo et al., 2009). From a global perspective, human management has become the dominant factor driving hydrological change in many
river systems, and only a third of the world’s rivers remain free flowing (Pinter
et al., 2006; Bormann and Pinter, 2017; Grill et al., 2019).
Human intervention in rivers often impacts more than one sector. For example, channelization has been linked to a sharp disturbance in sediment dynamics due to a hydrological disconnection between floodplain and channel (Kroes
and Hupp, 2010), bed degradation (Frings et al., 2014), and a loss of habitat heterogeneity (Diaz-Redondo et al., 2016). The encroachment of river floodplains
by leveeing has lead to substantial reduction in riverine areas and amplification
of flood waves and flood risk (Pinter et al., 2008). Decisions related to flood risk
management have large impact on local communities, who often feel connected
to the riverine landscape (Verbrugge et al., 2019). Given the environmental and
societal impact of human intervention, it is important that the effects of interventions can be accurately predicted.

1.2 Predictive modelling
Models serve various functions including communication, learning, exploring
and prediction (Brugnach and Pahl-Wostl, 2008). For predictive purposes, mathematical models have become the dominant tool of scientists and practitioners, and are an essential part of flood risk management policy in many countries (Vreugdenhil et al., 2001; Horritt and Bates, 2002; Kroekenstoel, 2009;
Prestininzi et al., 2011). There are many types of river models, ranging from
relatively simple statistical models (Mansanarez et al., 2019), to physics-based
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Figure 1.1
A selection of interventions carried out in the Room for the River programme, for the River Waal.

hydro-morphodynamic models (Platzek et al., 2015). The choice for a model
depends on the intended function, required detail, or available processing power
(Loucks and Van Beek, 2005; Neal et al., 2012).
Environmental models are invariably based on limited data and simplified
empirical models that do not capture the full complexity of the system (Oreskes
et al., 1994; Tebaldi et al., 2005; Teng et al., 2017). For example, flow through
vegetation is a complex multi-scale process, which is generally taken into account through empirical formulas that locally modify flow resistance (VargasLuna et al., 2015; Marjoribanks et al., 2017). Sediment transport, the growth
of bed forms and their influence on flow resistance is likewise approximated by
empirical formulas (Kitsikoudis et al., 2013; Warmink, 2014; Naqshband et al.,
2015; Van Duin et al., 2017). These limitations constrain the ability of environmental models to accurately reproduce reality, which introduces uncertainty
(Figure 1.2).
Figure 1.3 gives a conceptual overview of data (in)availability in system forcing (e.g. river discharge, wind) and system state (e.g. topography), which divided the schematic into four quadrants. For each quadrant a number of example model applications are given. Data is only available in the alpha quadrant (observed conditions, past system state), although it may be sparsely available. Model application in the beta quadrant (observed conditions, future system
state) and gamma quadrant (unseen conditions, past system state) requires some
form of extrapolation. Predicting the effects of flood mitigation interventions
are situated in the top right (delta quadrant), which not only requires models that
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Figure 1.2
An example stage-discharge relationship based on Bayesian inference with limited data, with increasing prediction intervals for extreme situations. The shown data and model details are taken
from chapter 6 of this thesis.

extrapolate well to unseen conditions, but also to a changed future system state.
Recently, various authors have pointed to the challenge of predicting the future
if the modelled environmental system is undergoing systemic change. Climate
and land-use change may limit the value of historical observations to understand
the current or future system (Milly et al., 2008). Specifically, it has been postulated that systemic change results in non-stationarity of model error (Thirel
et al., 2015b; Beven, 2016), and that is therefore necessary to test models on their
accuracy under changing conditions (Thirel et al., 2015a). Conceptual or statistical models that rely heavily on optimization (e.g. regression models, machine
learning approaches) are not expected to be able to extrapolate well to these
conditions (Blöschl et al., 2019). In contrast, detailed two-dimensional physicsbased models can take system change into account explicitly (Figure 1.4), and
are assumed to be accurate enough to guide decision making in practice (Klijn
et al., 2013). However, this assumption has not been tested (Mosselman, 2018).
Given the challenges of model prediction, uncertainty analysis is recommended

Unseen conditions
Observed conditions

System forcing
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Δ

Γ
Room for the River (hindcasting)
Flood risk analysis
Drought analysis

25

Room for the River (forecasting)
Flood mitigation
Drought mitigation

Α
Model testing
Inverse modelling
Identifiability analysis

Β
Morphodynamic studies
Operational forecasting

Past

Future

System state
Figure 1.3
Conceptual scheme showing example model use scenarios in relation to system state and system
forcing. Predicting the effect of human intervention for flood mitigation in The Netherlands falls
into the upper right (delta) quadrant.

practice to quantify prediction intervals for model studies (Jakeman et al., 2006;
Stedinger et al., 2008; Maier et al., 2016).

1.3 Uncertainty analysis
Uncertainty has many definitions and typologies within environmental modelling literature (Walker et al., 2003; Skinner et al., 2014; Guillaume et al., 2017).
In this thesis we restrict our definition of uncertainty to quantifiable or technical
uncertainty: uncertainty that can be adequately described or approximated by
probability distributions. Quantifiable uncertainty can be contrasted with unquantifiable uncertainty such as ambiguity, social uncertainty and deep uncertainty (Brugnach et al., 2011; Maier et al., 2016; Warmink et al., 2017). Within
quantifiable uncertainty, a further practical distinction is made between forward
analysis and inverse analysis (Beven et al., 2018). The key difference between
these methods is whether the input, or the output is estimated by analysis (Figure 1.5).

1
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Figure 1.4
The dike relocation and side channel construction at Nijmegen (Figure 1.1), shown here as model
data of a hydrodynamic model. The model data is described in more detail in chapter 6.

1.3.1

Forward uncertainty analysis

Forward analysis is used to estimate the probability distributions of model output
variables, given the distributions of model input1 . In river modelling, forward
analysis was used to quantify confidence intervals of water levels during floods
(Straatsma and Huthoff, 2011; Straatsma et al., 2013; Warmink et al., 2013b)
and long-term morphological change (Van der Klis, 2003; Van Vuren et al.,
2005). However, uncertainty is not explicitly quantified for intervention design
or effect studies in practice (Pinter, 2005; Mosselman, 2018).
Perhaps the only universal method to compute model output uncertainty in
forward analysis is Monte Carlo simulation (MCS), which works by repeated
model evaluations whereby each model evaluation is chosen by random sampling from the input distributions (Stefanou, 2009). However, the sample size
needs to be very large to accurately approximate the output uncertainty. The
computational costs of repeated model evaluations with physics-based models
is in practice often excessive (Van Maren and Cronin, 2016). Therefore, more
efficient alternatives to MCS are actively studied (Asher et al., 2015; Teng et al.,
1 Here we use ‘model input’ in a broad sense to encompass all model assumptions, including
parameters, boundary conditions and other settings.
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Inverse analysis

Output known, input unknown

1
x1
Input

model
y = f(x , x )
1

Output

2

y
x2

Forward analysis

Input known, output unknown

Figure 1.5
A conceptual overview of a model that takes two inputs (x 1 , x 2 ) and outputs a single output (y).
The histograms depict the stochastic nature of both input as output. The main difference between
inverse and forward analysis is, what information is considered known, and what information is to
be estimated through analysis.

2017). We can distinguish two broad categories of efficient approaches, which
may be used complementary: reducing the number of model simulations, and
reducing the computational cost of a single model evaluation.
The original MCS approach relied on fully random sampling to converge
to the probability distribution of the variable of interest (Metropolis, 1987).
Alternative sampling strategies have shown faster convergence rates, such as
Latin Hypercube Sampling, Gauss quadratures and quasi-random sequences,
and therefore require less model evaluations (Saltelli, 2002; Helton and Davis,
2003; Kucherenko et al.). However, often even a single model evaluation is very
computationally expensive. For such cases, efficient sampling strategies may not
reduce the computational burden enough.
There is a growing body of literature dedicated to surrogate or emulation modelling as approaches to deal with computationally expensive models (Castelletti et al., 2012; Razavi et al., 2012; Asher et al., 2015; Aguilar-López et al.,
2016). A surrogate model aims to mimic the results of a complex model, but at a
lower computational cost. Surrogate models can be categorised as data-based or
physics-based. The data-based approach aim to approximate the input-output
relationship of a model with statistical or machine-learning methods (Young
and Ratto, 2011; Castelletti et al., 2012; Aguilar-López et al., 2016). How-
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1

ever, these approaches are less efficient if the number of input variables is high,
which is often the case for river models with spatially heterogeneous floodplains
(Werner et al., 2005a; Straatsma and Alkema, 2009; Warmink et al., 2013b).
Under these circumstances, physics-based emulators are expected to perform
better (Razavi et al., 2012). A relatively recent development is to use lowerfidelity versions of a model in a multifidelity framework (Peherstorfer et al.,
2016). These approaches have found successful application in forward uncertainty analysis in structural design (Koutsourelakis, 2009) and medicine (Biehler
et al., 2015).

1.3.2

Inverse uncertainty analysis

In contrast to forward uncertainty analysis, inverse uncertainty analysis is used
to estimate the probability distributions of model input, given the distribution of
the output variables. The deterministic equivalents are calibration, model training, or parameter optimization. Probabilistic approaches to the inverse problem
are commonly based on Bayes’ theorem, which formally expresses the distribution of model parameters in terms of agreement between measurements and
model output (Guillaume et al., 2019). However, analytical solutions to Bayes’
theorem only exist for a limited set of conditions. Often used numerical solutions are based on Monte Carlo sampling similar to those used in forward analysis (Beven and Binley, 1992; Stedinger et al., 2008) and Markov Chain Monte
Carlo (MCMC) (Vrugt et al., 2008a; Salvatier et al., 2016).
The success of inverse modelling strongly depends on the supporting data.
The supporting data ideally matches the modelling objective, e.g. flood maps
for modelling flood extent (Pappenberger et al., 2005). However, this data is
not always readily available; it is currently unknown to what extent the large
scale interventions from the Room for the River programme have affected measured water levels. Therefore, it remains unknown whether the accuracy of
model predictions for such interventions can be tested using available measurements. It is not always theoretically possible to identify (uniquely estimate) all
model parameters from available data (Guillaume et al., 2019). For example,
Werner et al. (2005b) showed that water level observations alone are insufficient to identify multiple floodplain flow resistance coefficients. Therefore, parameter estimation is restricted to a single bulk friction parameter, with limited
physical meaning (Hunter et al., 2007; Morvan et al., 2008; Warmink et al., 2011;
Domhof et al., 2018). This loss of detail in model parameters is unfortunate in
the context of the increasing detail of spatial interventions (e.g., Figure 1.4).
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1.4 Problem statement
Human intervention in rivers has a large environmental and societal impact, and
computer model simulations are now an important tool in the decision making process. However, the recommended practice of uncertainty analysis is not
commonly applied for intervention effect studies. In our review of literature
we identified three main concerns with respect to model predictions of human
intervention. First, the computational cost of uncertainty analysis is often considered prohibative in practice. Second, for effect studies the lack of uncertainty
quantification means that it is unknown to what extent parameter uncertainty
affects model predictions for flood mitigation strategies. Finally, it is unknown
to what extent observations can be used to improve or verify model predictions
for intervention design.

1.5 Research aim and questions
The aim of this thesis is to quantify the uncertainty of model predictions for hydromorphodynamic effect studies of antropogenic change to the river environment in a time-efficient way. The following research questions are formulated:
Q1 In what way can we reduce the computational cost of uncertainty quantification for hydraulic effect studies?
Q2 How large is the uncertainty of the predicted flood level decrease of archetypical flood prevention interventions?
Q3 To what extent can multifidelity models be applied to morphological model
studies?
Q4 To what extent can the uncertainty of vegetation parameters be identified
and reduced from velocity measurements?
Q5 To what extent can model predictions of flood level reductions be verified
using observations?

1.6 Methodology
The study of model uncertainty requires a combination of methods from various
scientific fields; hydrodynamic modelling, morphology & sediment transport,
statistics and probabilistic modelling. Here, we discuss in brief the methodology
for each question separately.

1
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1

Q1 In multifidelity approaches it has been demonstrated that the correlation
between two models can be leveraged to reduce the computational cost of
uncertainty analysis. We hypothesize that the correlation between model
output of a reference system and that of a system altered by human intervention can be leveraged in similar fashion, to reduce the computational
cost of uncertainty quantification in intervention effect studies.

Q2 Using the efficient uncertainty quantification developed in Q1, we quantify
the uncertainty of predicted effects on flood level decrease of six archetypical flood mitigation measures. We quantify the uncertainty and investigate
the implication of that uncertainty for the design of interventions.

Q3 Long computational times and highly uncertain model output are among
the challenges of process-based morphological models. Therefore, reduction of the cost of uncertainty analysis is highly needed. Multifidelity approaches are a branch of methods which have shown promising results in
structural design and biomedical model studies. We adapt an existing multifidelity framework from literature for use with a Gaussian Process model
and an open-source Markov Chain step method. The results are analysed
to assess the efficiency of the method and usefulness of the results.

Q4 Vegetation induced flow resistance is an important source of model uncertainty. Inverse modelling can potentially reduce this uncertainty. To
overcome the problem of underdetermination, we condition our parameters based on detailed flow measurements, carried out in a full-scale experimental flume using a Bayesian approach. Estimated vegetation parameters
are compared to literature.

Q5 Unprecedented geographical and hydraulic databases spanning more than
twenty years of the River Waal are analysed. We simulate river flow at design discharge for each of those years using probabilistic methods developed
in the previous chapters to produce the simulated trend in water levels. Direct observations of water levels and discharges are analysed to produce an
observed trend, which are compared with the simulated trend. Similarity
between the trends would count as independent verification of the model
predictions.
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The outline of this thesis, following Figure 1.3

1.7 Thesis outline
This thesis is outlined following the conceptual quadrants of model application
in intervention design (Figure 1.6). In chapters 2 and 3 we study intervention
design for flood mitigation strategies, which is concerned with predictions for
future, unseen conditions. Chapter 4 is concerned with prediction of sedimentation volumes during observed conditions in a newly built navigation channel.
The final two chapters take into account past observations, i.e. direct measurements of the desired model output variable (here, water levels). Where
in the previous chapters, the uncertainty in model parameters is derived from
statistics of measured quantities, in chapter 5, we estimate model parameters
through inverse modelling.
In chapter 6, we compare model predictions of the effect of interventions in
the Room for the River project (by hindcasting), using techniques developed in
chapters 2 and 3 with direct observations of water levels.
In this way, each chapter in this thesis is concerned with one of the four
conceptual quadrants. In chapter 7, we discuss the insights gained in the reported
research. Finally, we conclude in chapter 8 by answering the research questions,
and close with recommendations for practice and future research.
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2
Abstract
Human interventions to optimise river functions are often contentious, disruptive,
and expensive. To analyse the expected impact of an intervention before
implementation, decision makers rely on computations with complex physicsbased hydraulic models. The outcome of these models is known to be sensitive
to uncertain input parameters, but their long runtimes render full probabilistic
assessment infeasible with standard computer resources. In this paper we propose
an alternative, efficient method for uncertainty quantification for impact analysis
that significantly reduces the required number of model runs by using a subsample
of a full Monte Carlo ensemble to establish a probabilistic relationship between
pre- and post-intervention model outcome. The efficiency of the method depends
on the number of interventions, the initial Monte Carlo ensemble size and the
desired level of accuracy. For the cases presented here, the computational cost
was decreased by 65%.
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2.1 Introduction

HUMAN INTERVENTIONS IN RIVERS, usually on the scale of a hundred me-

2

ters to several kilometres, are carried out all over the world to improve various, sometimes competing, river functions. Motivations for such works include
flood protection (Klijn et al., 2013; Warner and Van Buuren, 2011; Rijke et al.,
2012) and ecological restoration (Downs and Kondolf, 2002; Buijse et al., 2002;
Stewardson and Rutherfurd, 2008). Detailed physics-based models are used to
quantify the impact of interventions on river systems. Lammersen et al. (2002),
Bronstert et al. (2007) and Te Linde et al. (2010) studied the effect of river training works on hydraulic variables along the River Rhine. Remo et al. (2009) did
a similar study for more than 100 years of river engineering along the Middle
and Lower Mississipi River, and Dierauer et al. (2012) assessed the effectiveness of dike relocation (termed ‘levee set back’ in that paper). In ‘Room for the
River’, a recently finished large scale flood protection program in The Netherlands which consisted of 39 projects and had a projected budget of 2.0 to 2.4
billion euro, impact analyses with detailed physics-based models were a key ingredient in decision support (Rijke et al., 2012). In all reported studies model
accuracy was increased and tested through a calibration-validation scheme, following good modelling practice (Rykiel, 1996; Van Waveren et al., 1999; Jakeman et al., 2006).
However, the inherent problem with this deterministic approach for impact analysis is that models are used to provide predictions outside measured
conditions. Not only are some interventions — especially those aimed at flood
protection — aimed at impact under unobserved extreme conditions, but once
calibrated for a pre-intervention river system, models cannot be assumed to
retain their accuracy when applied to the modified post-intervention system.
Nonetheless, uncertainty is not explicitly quantified, either because there is high
confidence in the physical basis of the hydraulic model (Te Linde et al., 2010)
or because of limited resources (Bronstert et al., 2007).
In environmental management, there is an increasing need for policy support that is realistic about uncertainties that may impact decisions (Uusitalo et al.,
2015). In model-based decision support this requires identification of potential
sources of uncertainty and methods to quantify uncertainty of model output.
There are many ways to categorize sources of uncertainty. One way is to distinguish between uncertainty in parameters, model input and technical implementation (Draper, 1995; Walker et al., 2003; Warmink et al., 2010; Skinner et al.,
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2014). In river modelling, parameter uncertainty is considered to be dominated
by hydraulic roughness (Horritt and Bates, 2002; Warmink et al., 2013b), and
to a lesser extent boundary conditions derived from rating curves (Pappenberger
and Beven, 2006; Di Baldassarre et al., 2010) and uncertainty in geometry (Van
Vuren et al., 2005; Neal et al., 2015). Quantification of model output in river
modelling as a function of various sources of uncertainty is carried out using
variations of Monte Carlo simulation (Werner, 2004; Pappenberger et al., 2005,
2006; Warmink et al., 2013b; Straatsma et al., 2013; Neal et al., 2015). In catchment hydrology and climate change, probabilistic assessment of environmental
impact is quantified using Monte Carlo simulation (Eckhardt et al., 2003; Breuer
et al., 2006; McMichael and Hope, 2007) or multi-model approaches (Giorgi
and Mearns, 2003; Tebaldi et al., 2005; Smith et al., 2009; Thirel et al., 2015b).
However, to our knowledge there is no literature on probabilistic impact analysis for physics-based models in the context of a changing environmental system,
either due to human intervention or natural causes. A partial explanation for
this knowledge gap is that long runtimes of a detailed river models render a
fully probabilistic assessment with Monte Carlo simulation impracticable with
standard computer resources. It becomes infeasible in the context of river intervention modelling for decision support, where designs will go through various
iterations and intermediate forms before a decision to implement it can be made.
Therefore, to meet the growing demand to incorporate uncertainty in decision
support, a more efficient uncertainty quantification method is required.
The central question in this paper is: how can we reduce the computational
investment of uncertainty quantification for impact analysis of river interventions with physics-based models? We approach this challenge by combining a
hypothesis of inter-model correlation between the various models involved in
impact analysis with the rigorous Bayesian approach developed in the multifidelity framework of Koutsourelakis (2009). The new method is tested by
comparing it against a classical Monte Carlo approach.
We introduce the framework of impact assessment, the case studies and the
efficient uncertainty quantification method in section 2. Results showing the
output probability distributions of both the classical Monte Carlo approach as
the new, efficient method are presented in section 3. Section 4 discusses potential
applications of the method for decision support in river management, sensitivities and possible extensions. In section 5 we briefly summarise the method and
results, and draw conclusions.
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2.2 Methodology
2.2.1

2

Definition of hydraulic river models and parameters

A hydraulic1 river model is a predictive tool made with a modelling system
using data and parameters specific for a natural river system at a certain period.
An example of a model is a SOBEK hydraulic model (the modelling system)
for the River Waal (the natural system) as it was in the summer of 2010 (the
period). Since these models are physics-based, the parameters involved generally
have a clear physical interpretation. Of all the parameters in a hydraulic model,
roughness coefficients are generally considered the most sensitive and uncertain
ones.
Various elements in a river system generate hydraulic resistance. In the following, we consider that each roughness element has its own set of parameters,
specific to the roughness formula, and that each instance of that element inherits the same parameter values. For example, in this paper we use the Manning
formula to account for friction of the roughness element ’grass’, which only has
the Manning coefficient as a parameter. The roughness element ‘grass’ is used
in many places throughout the model, but with the same value of the Manning
coefficient for each instance it is used. The value of the friction coefficients
can be determined in various ways. For many elements, values have been estimated with empirical research (Chow, 1959). In practice, roughness parameters
are often calibrated for specific cases based on often limited measurement data.
However, in both cases there remains significant uncertainty in those values, the
effect of which will propagate to uncertainty in model outcomes.
The spatial distribution of roughness elements in natural rivers is generally heterogeneous. In channels, roughness often comes from bed material, bed
forms or structural elements like groynes. Floodplains are generally more diverse, with various vegetation species, hedges, pools and other structural features. Human intervention in a river system may change the distribution of
roughness elements by removal, addition or modification of structures and roughness elements. For that reason the collection of friction parameters pre-intervention
is not necessarily equal to the the collection of friction parameters post-intervention.

1 We regard the terms ‘hydraulic’ and ‘hydrodynamic’ as synonyms. For a more in-depth discussion on the history of the terms we refer to Vreugdenhil et al. (2001).
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Figure 2.1
The model is a straightened, idealised version of the River Waal, with a two-stage compound channel along the entire channel. The two intervention types are implemented between km 50 and km
60.
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Case studies

We explore two different river interventions in a low-land river. In both cases
the objective is to calculate the water levels along the river at a given high and
steady discharge. We refer to this discharge as the design discharge and the water
levels produced during this discharge as the design water level (DWL). The use
of a steady instead of unsteady conditions leads to an over-prediction of water
levels by nullifying diffusive attenuation, but avoids subjectivity related to the
shape of an unsteady discharge wave. The two cases are both chosen to cause a
significant lowering of the DWL, but by different processes.
The first case is relocation of a dike. Many low-land rivers frequently experience water levels at or above the general level of the surrounding hinterland.
Dikes are embankments specifically built to protect the hinterland against floods,
but in turn constrain the river system. In the Rhine River, this has led to a so
called ‘technological lock-in’ which necessitates continuing strengthening and
raising of the dikes (Wesselink, 2007). An expensive, but effective alternative
is to relocate the dikes to increase the size of the floodplains. Real-world examples of dike relocation can be found in the ‘Room for the River’ project in The
Netherlands (Rijke et al., 2012) and along the Mississippi River (Dierauer et al.,
2012). In the second case, we locally remove high-friction vegetation within
the bounds of existing floodplains. Some vegetation types significantly increase
water levels by offering high resistance to flow. Replacing such high-friction
vegetation, such as shrubs or trees, with low-friction vegetation, like grasses,
can significantly reduce flood levels.
We model both intervention cases using an idealised 1D model of the River
Waal. We use a bed slope of 1 · 10−4 m/m and a two-stage compound cross-

2
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Table 2.1
Overview of roughness parameters in the model

2

Roughness element

symbol

Mean

standard deviation

unit

Main channel
Brush
Grass

nm
nb
ng

0.03
0.07
0.04

0.002
0.01
0.005

sm−1/3
sm−1/3
sm−1/3

section consisting of a main channel and floodplains on either side. The main
channel is considered to be generally smooth, while the floodplain is vegetated.
To limit the number of variables, we take the floodplain to be uniformly vegetated with brushes. For the intervention of floodplain vegetation removal, we
locally replace the brushes with grass. The system is schematically depicted in
figure 2.1.
The model is built using SOBEK, which is a numerical modelling system
that includes, amongst others, a solver for the one-dimensional shallow water
(St. Venant) equations. We force the model with a steady upstream discharge
of 10500 m3 s−1 (consistent with the discharge used to design intervention for
the River Waal in the Room for the River program) and constant downstream
water depth of 6 m. We use a computational grid with a distance of 200 meters
and maximum time-step of 10 minutes. The friction coefficients are resolved
through Mannings formula. In this study, we assume the exact values for the
coefficients are unknown and normally distributed with a mean and variance
based on Chow (1959). A summary of the model parameters is given in table
2.1 and figure 2.2.

2.2.3

Classic Monte Carlo approach to quantify uncertainty

The main action in a hydraulic impact analysis is an inter-comparison of two
distinct models which, overall, are very similar. The first model is the reference
pre-intervention model that simulates the river system in its unaltered state. The
second model is the post-intervention model which includes the planned intervention. The second can be seen as a modification of the first, and as such
the two share all characteristics except parts altered by the intervention. In
this paper we refer to these models as M x with output X and parameterspace
Θx = {nm , nb } for the reference model and M y with output Y and parameterspace Θy = {nm , nb , ng }2 for the post-intervention model. The effect of the
2 The friction parameter n for grass is only part of the parameter space of the second case, ’vegg
etation removal’
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intervention can be straightforwardly calculated by subtraction: ΔH = Y − X,
with X, Y and ΔH representing some hydraulic variable of interest. In this paper
we will let H, X and Y be water levels, but any other output variable can be used
in its place.
Since model output is not regarded as a deterministic value, but rather as a
stochastic variable such that Xi ∼ πx with πx the probability density function
(pdf) of X, it follows that the modelled effect will be a stochastic variable as
well, i.e. ΔH ∼ πΔH . A proven and relatively straightforward method is to
approximate the output uncertainty through numerical integration by Monte
Carlo simulation. The Monte Carlo method works by repeatedly sampling a
possible set of parameter values from their distributions, using that set as input
for a model run, and inferring probability distributions from evaluating each set
in the Monte Carlo sample. In this way, we approximate πΔH from the ensemble
(ΔH1 , ..., ΔHn ) where each member is calculated from ΔHi = Yi − Xi and n is
sufficiently large.
Because the post-intervention model M y is a modification of the pre-intervention
model, M x , we assume their output probability functions πx , πy are dependent.
Therefore, the impact uncertainty πΔH depends on the covariation between
πx , πy . The correlation between the two samples is preserved by using the same
parameter set for generating both Yi and Xi . To do so, we do not sample from
the respective parameterspaces Θy and Θx , but rather from the union parameter
space Θxy = Θy ∪ Θx . This is a vital step in constraining the uncertainty of the
simulated effect, because correlation between X and Y will decrease the uncertainty of the effect. Additionally, it makes sense intuitively as drawing from Θxy
amounts to an element-wise subtraction where the only difference between the
subtracted sets is the intervention.
Generally a large number of samples is required to make sure the space of
possible parameter values is adequately covered. This is especially so if the samples are drawn using a simple random draw, which is vulnerable to clusters
(many draws close to each other) and gaps (unsampled regions). Alternative
sampling techniques have been developed that target these problems, such as
Latin Hypercube Sampling or factorial design. Here, we use a quasi-random
sampling approach using the low-discrepancy sequence of Sobol’, which converges much more quickly than random sampling (Saltelli et al., 2008). Using
this technique, we draw 1000 samples from Θxy . The results of this draw are
shown in figure 2.2.
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2
Figure 2.2
Histogram of the 1000 samples for each of the three stochastic input variables

2.2.4

Efficient uncertainty quantification

The Monte Carlo method is successfully used in many fields, but its reliance on
large sample size makes it prohibitively expensive in the context of intervention design, which may require iteration and evaluation of competing designs.
Increasingly, faster model approximations (variously termed emulators, metaor surrogate models) are used instead of the heavy, detailed model for resource
intensive tasks like uncertainty quantification.
The applicability of such models is limited if the number of uncertain parameters is high, or if the model is used to project for unseen conditions (Razavi
et al., 2012). For example, a significant system change by human intervention
may easily invalidate model approximations and require retraining on the new
situation. Instead of model approximates, one can also use less accurate versions of the same model by using a coarser numerical discretisation (Kennedy
and O’Hagan, 2000; Koutsourelakis, 2009). This avoids many of the limitations
of model approximations (Razavi et al., 2012).
Koutsourelakis (2009) showed that by exploiting the correlation between
coarse and fine models, rigorous estimates of output uncertainty can be obtained.
Here, we extend this concept by effectively using the pre-intervention model
as an emulator for the post-intervention model.
The method relies on the assumptions that (i) output of the pre- and postintervention models X, Y are not independent samples but are correlated and
(ii) that we can exploit this correlation with a function Ŷ = f(X) that allows us
to approximate Y and, by extension, the probability density function πy . The
method consists of five steps, that are repeated at each location where the uncertainty is quantified. A schematic overview of the steps is given in figure 2.3.
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Step 1

Define union
parameter space
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Define input
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2

Quasi-random sample
Step 2
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Evaluate preintervention
model (Mx )
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Step 5

Estimate uncertainty for ∆H

Estimate uncertainty for Y

Figure 2.3
Schematic overview of the efficient uncertainty estimation for post-intervention model output and
impact analysis. The steps are described in detail in section 2.2.4. In this figure: n: MC sample
size; m : subsample size; p: number of stochastic parameters; X: pre-intervention model output; Y:
post-intervention model output; Ŷ: estimated post-intervention model output; ΔH: intervention
effect
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The steps involved are the following, with p uncertain parameters, Monte Carlo
sample size of n, subsample size m, and n ≫ m:
1. Make a list of size p containing all input parameters from Θxy in all models.
For each parameter, specify a distribution function.
2. Generate a (n×p) sample and evaluate using M x to generate output X (n×1).
2

3. Make a (m × p) subsample and evaluate using M y to generate output Y
(m × 1).
4. Choose an appropriate statistical model and estimate function Ŷ = f(X)
given only X and Y.
5. Use f(X) to generate Ŷ and estimate the uncertainty of Y and ΔH given X
The first two steps follow the classical full Monte Carlo approach. We deviate from the classical approach in step three by using a subsample, instead of the
full sample. The purpose of subsampling is to provide enough points along the
entire range X to accurately infer the function f(X). We use a stratified sampling
scheme by dividing the area from [min(X), max(X)] in m bins and randomly
take a single sample of X from each of those bins. Unless stated otherwise, we
use a sample size of n = 1000 and subsample size of m = 20 throughout this
work.
In step four we describe Y in terms of X and assume a general linear model
if the form:
Ŷ = f(X) + ε

with

ε ∼ N (0, σ2 )

(2.1)

and
f(X) = α + βX

(2.2)

With parameters α, β for intercept and slope and Gaussian noise term ε described
with a zero mean and standard deviation σ. Under the assumption of a linear
relationship between X and Y, we can infer that if (β = 1, σ2 → 0), it follows
that ΔH = α with zero variance. In all other cases, the variance V(ΔH) > 0.
From this we readily see that preserving correlation, as was discussed in section
2.2.3, is a vital step to constrain uncertainty in ΔH.
We infer the unknown regression parameters θ = {α, β, σ} through Bayes’
theorem. In adopting a Bayesian approach, these parameters are treated as stochastic variables. We specify prior distributions for θ reflecting our knowledge about
their likely values. Then, using the m observations from both X and Y we update
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these distributions through Bayes’ theorem:
p(θ|Y) ∝ p(θ)p(Y|θ)

(2.3)

with the prior parameter distributions p(θ), the likelihood of the data given the
parameters p(Y|θ) and the posterior likelihood of the distributions p(θ|Y). We
obtain the posterior distribution by Markov Chain Monte Carlo (MCMC) simulation with the state-of-the-art No U-Turn Sampler (Hoffman and Gelman,
2014) within the framework of Salvatier et al. (2016), using 10000 steps, discarding half as burn-in length. We shift all the data to the origin during the
inference and estimation procedure, as this was found to improve inference. For
all cases we use the following priors:
• An (improper) uniform prior density on the real line for α and β.
• For σ we use an inverse-gamma prior IG(a, b) with a = b = 0.1
The choice for uninformed priors reflects our lack of prior knowledge about
these densities.
In step five we use the quantitative probabilistic relationship between X
and Y from the previous step to generate full post-intervention samples. Since
the MCMC method (after the burn-in length) samples from the joint posterior p(θ|Y) we can use the MCMC trace of the model parameters to generate
many possible ensembles Ŷ, where each Ŷ is a simulation of the actual postintervention water levels Y. We express the uncertainty of model results in
terms of cumulative density functions (cdf). For the post-intervention results
we show three results (see figure 2.4):
1. In dashed red, the post-intervention cdf following from the classical approach, plotted for validation of the estimation method. Of all 1000 model
runs, 95% of the ouput fell between the water levels corresponding to the
0.025 and 0.975 percentiles. We refer to this interval as the 95% MCI (model
uncertainty confidence interval).
2. In solid black, the mean of the estimated post-intervention cdfs, showing the
most likely location of the post-intervention cdf.
3. In dashed black lines, the 95% confidence interval of the estimated cdf. At
each percentile, there is 0.95 probability that the cdf obtained with the classical approach lies between these lines. We refer to this as the 95% ECI (estimation uncertainty confidence interval). The ECI can be interpreted as an
accuracy measure of the efficient estimation method.
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2

Figure 2.4
The uncertainty of the model output (MCI) and the accuracy of the estimator (ECI) are both expressed as 95% confidence intervals

2.3 Results
2.3.1

Impact uncertainty with the classical approach

An ensemble of 1000 parameter sets was run with the reference model and the
two intervention models. In the following we focus on the results at 50 km
from the upper boundary, which is just upstream of the intervention where the
reduction of the design water level (DWL) is at its largest. For each parameter
set in the Monte Carlo sample we have two model output ensembles: the preand post-intervention DWLs. We have combined these results in a scatterplot
(figure 2.5). Both panels show the the full Monte Carlo and subsample, the regression result and the identity line to emphasize the difference between the preand post-intervention model output. The graphs show a strong positive linear
relationship between the pre-intervention (X) and post-intervention (Y) model
outputs for both cases. This indicates that parameter sets which lead to high
water level pre-intervention, also lead to high water levels post-intervention.
From these graphs we can already see that the effect of the imposed dike relocation (figure 2.5, left hand panel) is likely more effective (all results well below the
identity line) and less uncertain (smaller spread, higher linear correlation) than
vegetation removal (figure 2.5, right hand panel). For both cases the choice for
a linear statistical model (2.2) seems to be justified.
The distributions of pre- and post-intervention water levels and the hydraulic impact ΔH are summarised as cumulative density functions (cdfs) in
figure 2.6 and numerically in table 2.2. Pre-intervention, the median DWL is
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Figure 2.5
Design water levels (DWL) from the pre-intervention (X) and post-intervention (Y) models for
the two case studies. Regression was performed on the subsample (+) only. The dashed lines show
the confidence interval (CI) for estimated post-intervention water levels Ŷ

9.11 m above the datum3 . The bounds of the 95% confidence interval are at
8.41 m and 9.76 m, which leads to an MCI of 1.35 m. After both interventions the cdfs are shifted to the left, indicating a general decrease in DWL. For
dike relocation, the post-intervention median DWL is 8.58 m (-0.53 m) with
an MCI of 1.17 m (-0.18 m). For vegetation removal, the median DWL is 8.74
m (-0.37 m) with an MCI of 1.14 m (-0.21 m). This means that for both interventions the post-intervention water levels are lower and less uncertain than
the water levels pre-intervention. The reduced uncertainty is attributed to the
linear relationship between X and Y having a slope < 1; visually depicted by
being non-parallel to the identity line in figure 2.5. We posit two explanations
for the cause of the negative slope. First, in the case of vegetation removal, the
introduction of a new uncertain variable with relatively low variance. Second,
(for both cases) a secondary effect of the Manning friction formula: lower water
depths lead to higher hydraulic resistance. This secondary effect is smaller for
higher water depths than lower water depths, causing a deviation from a unity
slope.
Next, we look at the output uncertainty of ΔH. For dike relocation, the
median DWL lowering is 0.53 m. The 95% confidence interval (MCI) is 0.23
m, with limits at 0.4 m and 0.63 m, demonstrating a slightly skewed probability
distribution. For vegetation removal, the decrease in DWL is 0.37 m with an
MCI of 0.48 m. These results show that, within the strict bounds of the configuration used in this idealised study, vegetation removal is not only expected to
3 In

the following, we omit the mention of the datum
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Figure 2.6
The cumulative density functions (cdfs) of X (pre-intervention), Y (post-intervention) and estimated post-intervention (Ŷ) water levels (left) and hydraulic impact ΔH (right) for dike relocation
(top) and vegetation removal (bottom).

be less effective in lowering DWL, but that the amount of lowering is also more
uncertain. The relatively large impact uncertainty of vegetation removal can be
explained from figure 2.5. Under linear correlation, the range of computed ΔH
increases both with increasing variance between X and Y, and with a deviation
from the unity slope. Figure 2.5 shows that vegetation removal results in larger
variance, as well as a slope coefficient further from unity than is the case for
dike relocation. These results show that reduction of post-intervention model
output uncertainty is not necessarily a good indicator of the impact uncertainty.

2.3.2

Efficient estimation of post-intervention uncertainty

Through the Bayesian MCMC inference we obtained samples from the posterior densities of the parameters {α, β, σ}, which we fed into the statistical model
(2.1) to obtain probabilistic estimations of the model output distribution. Results are shown in figure 2.5 and summarised in table 2.2. For a visual legend
of the model output uncertainty (MCI) and estimation uncertainty (ECI) we
refer to figure 2.4.
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For the first intervention, dike relocation (figure 2.6, upper panels), we see
that the mean estimated post-intervention results are virtually identical to the
classical MC results and that the ECI bounds are small, both for the water levels (upper left panel) as for the hydraulic effect (upper right panel). The median estimated effect is 0.53 m (classical MC: 0.53 m) with an ECI of only 0.04
m. Here, this means that there is a 95% probability that the median effect of
dike relocation obtained through classical MC lies between 0.51 m and 0.55
m. Estimations were also computed for the design water levels (DWL) and the
uncertainty intervals (MCI). From those results, summarised in table 2.2, we
see that the accuracy of the estimation method is very similar between ΔH and
DWL, while the ECI increases for estimation of the MCI. A greater estimation
uncertainty for the MCI is not surprising, as it is computed from subtracting
two uncertain variables, namely the estimations 2.5% and the 97.5% percentile.
Overall, we see that the estimation method is able to accurately and precisely
approximate the results from the classical MC.
For the second intervention, vegetation removal (figure 2.6, lower panels), the estimated DWL and ΔH distributions agree with the results obtained
through classical MC. The median DWL decrease is estimated at 0.36 cm with
an ECI of 0.11 m. Overall, the ECI results are larger compared to results for dike
relocation. The cause for the larger ECI is the introduction of ’grass’, which is a
stochastic parameter not present in the pre-intervention model. The introduction of grass lead to a smaller correlation between the pre- and post-intervention
model results, shown in figure 2.5. As correlation decreases, the linear model
(2.1) is less capable to estimate the post-intervention model results. As such,
the posterior distributions of the statistical model resulting from the MCMC
inference are broader, which explains the larger ECI. In general, we see that if
similarity between the pre- and post-intervention model decreases, the ability of
the efficient method to approximate classical MC results diminishes. Nonetheless, even when the second intervention removes the entire floodplain vegetation and replaces it with a new vegetation over a length of 10 km — which is
quite extreme — the estimation results are accurate with robust measure for estimation accuracy. The reason why there is still significant correlation between
both models, even when almost 80% of the cross-sectional profile has changed,
is likely due to backwater effects. This indicates that there is an important spatial
dimension to uncertainty quantification, as well.
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Table 2.2
Post-intervention model uncertainty confidence interval (MCI) and estimation uncertainty confidence interval (ECI) for design water levels (DWL) and intervention effect (ΔH) from classical
Monte Carlo (MC) and the efficient estimation method. All values are in meters.

Classical MC
Median MCI

2

Efficient estimation
Median
MCI
Mean ECI Mean

ECI

Dike Relocation
DWL
ΔH

8.58
0.53

1.17
0.22

8.58
0.53

0.05
0.04

1.18
0.26

0.11
0.12

Vegetation removal
DWL
ΔH

8.74
0.37

1.14
0.48

8.74
0.36

0.12
0.11

1.16
0.56

0.29
0.33

2.3.3

Longitudinal intervention impact and backwater effects

In the previous paragraphs we have shown results at km 50 where the hydraulic
effect is at its maximum. In figure 2.7 we show results obtained by repeated
application of the estimation methodology for several locations along the river.
The resulting trend is typical of a local river intervention. Over the length of
the intervention (km 50 - km 60 in both cases) equilibrium water levels are reduced. This leads to the creation of a backwater effect (of the so-called M1
type) by which the intervention impact increases from neglible at the end of
the intervention to maximal at the beginning. The decrease of the DWL is
then propagated upstream through another backwater effect (of the M2 type).
The colors in figure 2.7 depict the probability of the interventions impact, with
darker shades denoting a higher probability. For each location, we have shown
results from the mean estimation cdf. Results show that the uncertainty for
both interventions is greatest at the maximum effect at km 50, with dike relocation having a greater and less uncertain effect. The effect of backwater on the
uncertainty is clearly visible. From its maximum value, the uncertainty then
propagates upstream through the (M2) backwater effect and decreases further
from the intervention. Therefore we see that not only water levels are subject
to backwater effects, but confidence intervals as well.
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Figure 2.7
Comparing the effect of two different interventions — dike relocation and removal of high-friction
vegetation — along the river. The effect of the intervention is propagated upstream through the
backwater effect.

2.4 Discussion
2.4.1

Application to non-idealised cases

In this paper, we made a number of simplifications to the model and the distributions of the stochastic variables. However, in real-world cases two-dimensional
models might be preferred over one-dimensional models, while the choice and
distributions of stochastic variables will be based on analysis of the specific river
system. Here, we discuss possible approaches to apply this method to real-world,
non-idealised cases.
The uncertainty ranges in this paper were based on the tables by Chow
(1959). These ranges might be less applicable for specific real-world river systems with heterogeneous floodplain vegetation and significant bed form dynamics. For example, under extreme conditions the river bed morphology may
transition from river dunes to the significantly smoother upper stage plane bed
(Naqshband et al., 2015; Van Duin et al., 2017). In real-world cases, extensive
quantification of input distributions can address these issues and lead to better
informed distributions and selection of uncertainty sources (see, e.g. Straatsma
and Huthoff, 2011; Warmink et al., 2013a; Neal et al., 2015).
In this article, we limited the stochastic variables to hydraulic roughness coefficients. However, additional sources may be considered including geometry
(Neal et al., 2015), land-use map errors (Straatsma et al., 2013) and boundary
conditions.
The act of introducing a modification to a river system itself can be uncertain as well: the intervention may not be built or develop in real-life as it
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was designed. This may extend to the exact location and dimensions of new
embankments or uncertainty about which vegetation will naturally develop in
new or modified sections of the floodplain.
Methodologically, additional uncertainty sources and input distributions can
be readily incorporated, by adding the additional uncertain parameters to the
union parameter space Θxy . The proposed method may then be applied to any set
of one-, two- or three-dimensional models. However, two remarks are made.
First, in this article we considered the model output of interest (here, water level
at a specific location) to be time-independent. Introduction of time dependency
in the model output variable, for example by using an unsteady boundary condition, would either require iterative application of the proposed method (e.g.
for each time index), or an adapted (multivariate) statistical model. If possible,
the time dependency can also be eliminated by taking the average, or maximum,
of the output variable. Second, the accuracy of the estimated uncertainty is limited by the correlation between the regression variables and appropriateness of
the statistical model. Too great differences between pre- and post-intervention
models will decrease model output correlation and increase both the uncertainty
of the statistical model and the estimation uncertainty.

2.4.2

The choice for a statistical model

The efficient uncertainty quantification method described in this paper allowed
us to obtain an accurate estimation of the water levels and hydraulic effect postintervention with lower costs, for the two studied cases. However, the accuracy
of this method strongly relies on the employed statistical model. In this paper
we have adopted, following the principle of parsimony (Young et al., 1996), the
most simple applicable model: a stochastic linear model. In both cases, the linear
model was appropriate.
However, the existence of non-linear relationships between pre- and postintervention models cannot be excluded. At low water depths, strong nonlinearity in friction and vegetation models may introduce non-linearities between the regression variables. Furthermore, controlled structures, inundation
of retention zones or dike breaches may introduce discontinuities. In such cases,
alternative statistical models will have to be explored.

2.4.3

Increasing the accuracy of the efficient uncertainty estimation

The accuracy of the efficient uncertainty quantification method is expressed
through the width of estimation uncertainty confidence interval (ECI), as shown

EFFICIENT INTERVENTION EFFECT ASSESSMENT

51

2
Figure 2.8
The width of the estimation uncertainty confidence interval (ECI) of the median post-intervention
water levels as function of subsample size

in figure 2.6. The width of the ECI, and thus the accurcay of the estimation
method is determined by two causes. First, by the width of the posterior distributions of the regression parameters θ = {α, β, ε}. Second, by the limited
sample size n of the full MC sample.
The first cause can be reduced by increasing the subsample size m. This will,
through the MCMC inference, produce narrow posterior distributions for those
parameters and a narrower ECI. To demonstrate this, we have incrementally
increased the subsample size from m = 5 to m = 500. Results are shown in
figure 2.8. We observe a sharp decrease in ECI width for small subsample sizes,
followed by a slow decrease with increasing subsample size. It is not expected
that the ECI will decrease to zero due to the random element ε of the statistical
model (2.1) and the large, but still finite sample size (here, n = 1000) from
which we generate the cdfs. ECI convergence graphs like figure 2.8 can be used
to determine how many subsamples are required by starting with a low number
(e.g. m = 5) and incrementally increasing the subsample until the desired level
of accuracy is achieved.

2.4.4

Application of efficient uncertainty quantification in river management

Quantifying uncertainty is increasingly important for decision support in environmental modelling (Uusitalo et al., 2015). Monte Carlo (MC) simulation
can be used to quantify the uncertainty of model output when model input and
parameters are uncertain. However, as a river system changes due to natural of
human causes, the uncertainty quantification needs to be updated for the new
system. This adds to an already heavy and often infeasible computational bur-
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den.
In this paper we have shown for two idealised cases that similarity between
two models can be exploited to significantly reduce the cost of MC simulations, if a full MC for a reference model is available. In intervention design, this
method can be used to rapidly and robustly quantify the probabilistic intervention effects while prototyping various designs.
The effective method offers three main benefits. First, it reduces the computional cost. In terms of effectiveness, the proposed method reduced the number of model runs by E = 1− n+km
n+kn , assuming the runtime is equal for all models
involved, with k the number of interventions or otherwise changed systems. For
the case presented in this paper (n = 1000, m = 20, k = 2) the effectiveness is
approximately 65%, not accounting for the statistical analysis. In our study this
additional effort was in the order of minutes, although no additional effort was
spend on optimisation of this process.
Second, the models runs performed during the efficient uncertainty quantification can be re-used to increase accuracy if more resources become available
for a larger subsample or even a full sample. Following above formula, the efficiency of the method will then decrease accordingly to zero for a full sample.
Finally, the method is non invasive (it requires no changes to model code) and
model software-independent.

2.5 Conclusion
Detailed physics-based models are increasingly used to support policy in river
management. These models are known to be sensitive to uncertain input, but
quantifying the uncertainty of model outcome is very computer intensive, necessitating methods to decrease the computational burden.
In this paper we have proposed an alternative, efficient uncertainty estimation method that operates on the key insight that both models involved in
impact analysis (a pre- and a post-intervention model) are extremely similar
in most ways — apart from the obvious system changes introduced by the intervention. This similarity is manifested in a correlation of model outcomes,
which can be first approximated and then exploited, using only a subset of the
full post-intervention ensemble. We describe the correlation between the preand post-intervention models probabilistically using Bayesian regression within
a Markov-Chain Monte Carlo framework. In using a Bayesian approach, we
are not only able to accurately estimate the impact uncertainty, but obtain a
robust measure for the estimation accuracy as well.
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We compared probability density functions of post-intervention water levels and of the intervention impact computed with the efficient estimation method
against a classical Monte Carlo approach for two disparate idealised river interventions aimed at decreasing flood levels during high discharge: one (dike
relocation) aimed at greatly increasing the cross-sectional area, the other (vegetation removal) at fundamentally changing floodplain configuration. In both
cases, uncertainty in model output is introduced by uncertainty in the friction
parameters.
Inspection of the results show interesting similarities and differences between the two intervention cases. For both cases, we observed a reduction in
model output uncertainty after intervention. However, the impact uncertainty
of the intervention is different. In particular, fundamentally changing the floodplain configuration by introducing a new uncertain variable (here: a new vegetation type) leads to a lower correlation between pre- and post-intervention
model outcome and consequently to a greater uncertainty in intervention impact.
Although further research is required to generalize our results for specific
interventions and more complex cases, the results underline the importance of
uncertainty quantification for models that support decision making.
The efficient uncertainty quantification method introduced in this paper
was used to obtain accurate estimations of post-intervention water levels and
impact. Results show good agreement between the classical approach and the
new, efficient method even at a subsample size of 20 model runs. The accuracy
of the estimated uncertainty depends on the correlation between the pre- and
post-intervention model output, as well as the appropriateness of the statistical
model. In our cases, the computational cost was reduced by 65%, compared to
full Monte Carlo simulation.
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Abstract
Reduction of water levels during river floods is key in preventing damage and loss
of life. Computer models are used to design ways to achieve this and assist in
the decision-making process. However, the predictions of computer models are
inherently uncertain, and it is currently unknown to what extent that uncertainty
affects predictions of the effect of flood mitigation strategies. In this study, we
quantify the uncertainty of flood mitigation interventions on the Dutch River
Waal, based on 39 different sources of uncertainty and twelve intervention
designs. The aim of each intervention is to reduce flood water levels. Our
objective is to investigate the uncertainty of model predictions of intervention
effect and to explore relationships that may aid in decision making. We identified
the relative uncertainty, defined as the ratio between the confidence interval and
the expected effect, as a useful metric to compare uncertainty between different
interventions. Using this metric, we show that intervention effect uncertainty
behaves like a traditional backwater curve with an approximately constant relative
uncertainty value. In general, we observe that uncertainty scales with effect:
high flood level decreases have high uncertainty and conversely, small effects are
accompanied by small uncertainties. However, different interventions with the
same expected effect do not necessarily have the same uncertainty. For example,
our results show that the large-scale but relatively ineffective intervention of
floodplain smoothing by removing vegetation, has much higher uncertainty
compared to alternative options. Finally, we show how a level of acceptable
uncertainty can be defined and how this can affect the design of interventions.
In general, we conclude that the uncertainty of model predictions is not large
enough to invalidate model-based intervention design, nor small enough to
neglect altogether. Instead, uncertainty information is valuable in the selection of
alternative interventions.
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3.1 Introduction

THE NUMBER OF PEOPLE LIVING IN AREAS exposed to river flooding is

3

projected to exceed one billion in 2050 (Jongman et al., 2012). Therefore, it
is increasingly important that the river system is designed in such a way that
flood risk is minimised. Human intervention in river systems has a long history,
to a point that for some rivers human management has become the dominant
factor driving hydrological change (Pinter et al., 2006; Bormann and Pinter,
2017). Today, the decision to change an existing river system (e.g., by leveeing a channel to protect flood-prone areas) is increasingly based on predictions
made by computer models. Various software systems can be used to resolve flow
conditions accurately, taking into account much of the complexity of rivers —
such as terrain geometry, vegetation and hydraulic structures. However, despite increasingly available data, not all model input or model parameters can
be reliably measured or represented. For example, vegetation density and vegetation height, which modify vegetation roughness (Baptist et al., 2007; Luhar
and Nepf, 2013), are variable both in time and space. This variability is neither
captured on the scale of river modelling, nor by the equations that resolve vegetation roughness. Examples such as this introduce uncertainty in the modelling
process and in the model output (Oreskes et al., 1994; Walker et al., 2003).
Proper understanding and communication of uncertainty is important both
for scientists and decision makers (Pappenberger and Beven, 2006; Uusitalo
et al., 2015). Maier et al. (2016) distinguished three complementary paradigms
for modelling to support decision making under (deep) uncertainty: (1) using
the best available knowledge, (2) quantifying uncertainty and sensitivities of
key parameters and (3) exploring multiple plausible outcomes. One advantage
computational models can bring to decision making for river engineering is an
assessment of the impact of the planned intervention on hydraulics, such as water
levels, flow velocities and the morphodynamic response of the river bed. While
hydraulic effects are not the only impact of interventions (see e.g. Straatsma
et al., 2017, for effects on biodiversity) they are considered important: for the
39 interventions of the 2.3 billion Euro ‘Room for the River’ program in The
Netherlands, the hydraulic effect as predicted by models was a precondition for
any design “to be taken seriously at all” (Klijn et al., 2013). Mosselman (2018)
reported that quantified, large uncertainty in flood water levels is sometimes
played down when assessing effects, under the assumption that systematic errors cancel out when subtracting the intervention case from the reference case.
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However, it was recently demonstrated in an idealised study that uncertainty
in flood water levels does not cancel out but could be significant compared to
the effect, and sensitive to the specific design of the intervention (Berends et al.,
2018). Therefore, uncertainty quantification of effect studies for a real-world
case study is needed to assess the implications for the design of interventions.
Uncertainty quantification of impact analysis for real world solutions suffers
from two compounding issues specific to intervention design studies. First, there
is a practical need for sufficiently detailed models given the increasingly complicated design of interventions, which moves from traditional flood prevention
(building dikes, or levees) to more holistic designs. This is in part motivated
by the paradoxical ‘levee effect’ that states that flood control measures do not
decrease, but increase flood risk (White, 1945; Baldassarre et al., 2013; Munoz
et al., 2018) and which insight has spurred policy change away from purely flood
control and towards alternative options (Pinter et al., 2006; Klijn et al., 2018).
In The Netherlands, this has led to designs that focus on increasing conveyance
capacity to achieve lower flood levels, while integrating multiple other (ecological, societal) objectives as well (Rijke et al., 2012). Predicting the effects of
such more intricate alternative approaches, like the construction of artificial secondary channels (Van Denderen et al., 2019), requires detailed models that take
into account local geometry, vegetation and other terrain features. Such models
are not only computationally expensive, which both complicates Monte Carlo
simulation (MCS)-based quantification methods, but also have a high number
of model parameters, which complicates the use of (data-based) surrogate model
approaches (Razavi et al., 2012). The second issue is that the analysis relies on
at least one unmeasured environmental system, namely, the river system altered
by the proposed intervention. Therefore, there is no way to verify that accuracy for the proposed future state of the river. Verification of the accuracy of
the current, unaltered state is likewise not necessarily available. For example,
flood mitigation measures tend to be designed for a low period of return, e.g. a
one in one hundred year or even one in 1250 year flood (Klijn et al., 2018), for
which recent measurements are (by definition) sparse. Under such conditions,
the uncertainty of model output cannot be expressed in terms of accuracy (e.g.
standard deviation of model error) without additional untestable assumptions.
In present paper we address the lack of studies into the model uncertainty of
model predictions used in impact design. Our objective is twofold. The first objective is to quantify the effect of parameter uncertainty on the predicted effect
of flood mitigation measures, by implementing twelve different interventions
of varying type and intensity in a section of the Dutch River Waal, using a de-
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tailed hydraulic model. To limit the computational burden we use CORAL,
which is an implementation of the efficient uncertainty quantification method
of Berends et al. (2018), that does not suffer from limitations with regard to the
number of model parameters. Our second objective is to explore the relationship between the expected reduction of flood levels and the uncertainty, to aid
in the decision making process. To this end we will introduce the ‘relative uncertainty’ measure to facilitate inter-comparison between different intervention
designs.
Our analysis proceeds in three steps. First, we set up the numerical model for
the Dutch River Waal and select the uncertainty sources in section 3.2. Here,
we also introduce the relative uncertainty measure. We then present the results
of the uncertainty of the modelled water levels and reduction in water levels in
section 3.3.1 and 3.3.2. In section 3.3.3 we show how uncertainty may influence decision making. In the discussion (3.4) we discuss reducing uncertainty in
intervention design and the feasibility of probabilistic analysis for intervention
design in practice. A general conclusion on the practical value of uncertainty
quantification for decision making in flood mitigation strategies, and specific
conclusions related to the objectives, are given in section 3.5.

3.2 Methods
3.2.1

Study area

The River Waal is selected as the case study for its extensive history of human
intervention and good data availability. The Waal is a distributary of the River
Rhine and, by discharge, the largest river in the Rhine-Meuse-Scheldt Delta,
located in Western Europe. The present-day river has a main channel about 8
meters deep at bank-full discharge, a bank-full width of about 250 m and relatively narrow floodplains. Before the construction of the dikes from 1000 A.D.
onward, it was a meandering river with regular over-bank deposition (Hobo
et al., 2014). Recorded river engineering works for flood protection as well as
inland navigation dates back to at least the 18th century (e.g., see Velsen, 1749).
In the 19th century, the river was normalised in large governmental projects, obtaining its current narrow channel, groynes (also termed spur dikes or wing dikes)
and relatively straight channel (Sieben, 2009). In present day, the river has a bed
slope of approximately 1 · 10−4 m/m over a stretch of 90 km from the upstream
bifurcation to the Merwede bifurcation. At the end of the 20th century, motivated by the near-disaster of 1995 (Chbab, 1995), the large scale ‘Room for the
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River’ programme was enacted to reduce flood levels (Rijke et al., 2012; Klijn
et al., 2018). The largest intervention in the River Waal in this programme was
the Nijmegen-Lent dike relocation project, which was predicted to lower the
water levels by 27 cm at a cost of approximately 350 million Euro. Most other
interventions on the River Waal were projected to lower the water level by less
than 10 cm.
Our study domain covers the entire Waal River (Figure 3.1). Distances
along the river are measured using the conventional ’Rhine kilometre’, which
starts from km 0 at the German city of Konstanz. The Waal starts at km 867
at the Pannerden bifurcation and runs through to km 961 where it bifurcates in
the Nieuwe Merwede and Boven Merwede rivers. All flood mitigation measures studied will be implemented between km 913 and km 928, depicted by
the annotated rectangle in Figure 3.1.
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Figure 3.1
The River Waal, situated entirely in The Netherlands. The study area is a stretch of about 15 km
between km 913 and km 928. The hatched area shows the total extent of the model domain, which
overlaps with the river and its floodplains bounded by the dikes.

The intervention area is characterised by a relatively straight river stretch
with narrow floodplains and the strongly curved St. Andries river bend, which
provides a known bottleneck during high discharges. Nine towns border directly on the dikes along this 17.5 km stretch. Interventions in this area to increase flood safety, considering the narrow floodplains and the populated surrounding land, present both a technical and a societal problem.

3.2.2

Hydrodynamic model & interventions

To simulate the hydrodynamic response of the flow to various interventions
we use the Delft3D Flexible Mesh modelling system (Kernkamp et al., 2011).
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Smoothing floodplain vegetation
FLPSMOOTH
Dike relocation
DIKERELOC

Lowering of minor embankments
MINEMBLOW
Groyne lowering
GROYNELOW

Creating side channels
SIDECHAN

Floodplain

Floodplain lowering
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Flood level

Main channel
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Figure 3.2
A schematic overview of a typical cross-section of the River Waal and the flood mitigation measures
studied in this paper. Figure based on Middelkoop et al. (1999).
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Geographical information, such as land cover, bathymetry and hypsometry, as
well as information on embankments and weirs, were derived from the Baseline
information system (Becker et al., 2014). Our setup uses a two-dimensional unstructured numerical grid, with between 71,000 and 120,000 active grid cells.
The grid size varies from 40m by 15m in the main channel to a maximum of
about 120m by 120m in the floodplains. In all cases, we simulate a steady upstream discharge of 10,165 m3 s−1 and a constant downstream water level of 3.98
m + NAP, for 72 hours. A single model evaluation on our computer resources
took about 2.5 hours. These conditions are consistent with a return period of
1250 years (T1250 ). Initial conditions were derived from a reference run with
all considered stochastic variables (see section 3.2.3) at their median values. The
initial time step was set at 30s.
All interventions are modelled as changes to a reference state of the system.
This reference state is the Waal River after all interventions from the Room
for the River programme, which approximately corresponds to the 2016 situation. We consider twelve additional system states, each one corresponding with
a particular human intervention (Figure 3.2). In all cases, the interventions were
procedurally generated by the RiverScape tool (Straatsma and Kleinhans, 2018).
We implemented six different interventions, detailed below. Each intervention
was implemented in a low-intensity and a high-intensity variant. Here, intensity refers to the magnitude of the intervention, for example a small reduction
in groyne height (low-intensity) or a large reduction in groyne height (highintensity). We assume that the intervention is carried out in reality exactly as
it was designed. This is known as the ‘as designed’ post-intervention state. In
reality, there may be a discrepancy between the as designed state and the actual
(‘as built’) state. In theory, this discrepancy could be considered as an additional
source of uncertainty. However, because there is no literature to support any
assumptions regarding such discrepancy, we do not take this into account here.
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Groyne lowering (GROYNLOW)
Groynes (also known as wing dikes or spur dikes) are (stone) structures perpendicular to the flow. During normal conditions, groynes restrict the effective channel width to promote navigable depths. However, during high flows
groynes obstruct flow. Prior to 2016, many groynes in the Waal were already
lowered as part of the Room for the River program. The intervention as implemented in this study further reduces the groynes crest-heights. Groynes were
lowered to the crest-height corresponding to the water levels with exceedance
frequency of 150 days (low intensity) and 363 days (high intensity) per year.

Minor embankment lowering (MINEMBLOW)
The River Waal floodplains are compartmentalised by minor embankments,
which original purpose is to prevent flooding of the floodplains during minor
(summer) floods. This intervention lowers the crests of these embankments to
reduce their obstruction during high flow. Low and high intensity lowered the
crests to a water level with exceedance frequency of 50 days (low intensity) and
150 days (high intensity) per year.

Floodplain lowering (FLPLOW)
Lowering or excavation of the floodplains increases the maximum water
volume within the existing bounds of the river corridor, thereby increasing conveyance. In this study, we lower the level of the floodplain without changing existing vegetation or other floodplain configuration to isolate the effect of
lowering. Floodplains were lowered to the corresponding water level with exceedance frequency of 20 days per year, with 5% (low intensity) and 99% (high
intensity) of the terrestrial floodplain area altered.

Floodplain smoothing (FLPSMOOTH)
Vegetation in the floodplain greatly contributes to resistance during high
flows. Replacing existing high-friction vegetation by low-friction vegetation
mitigates this problem. Here, the existing vegetation was replaced by production meadow (roughness code 1201 in table 8.1). Smoothing at low intensity
affected the top 5% of the obstructing vegetation. At high intensity all vegetation was converted to meadow.
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Dike relocation (DIKERELOC)
In the River Waal, dikes are the primary defence against flooding. However, they also contribute to flood risk by restricting the river corridor. Dike
relocation increases the floodplains and allocates more space to the river. While
this is perhaps the best example of combatting problematic constriction of the
river corridor, it is also the most invasive — considering human settlement near
and on the dikes. At low intensity, concave dike sections of less than 700 m are
replaced by straight dikes, whereas at high intensity concave sections of 7000 m
are straightened, while creating small polders around existing built-up areas.

3

Side channels (SIDECHAN)
Finally, the construction of secondary (side) channels within the existing
corridor both increases the available volume, and decreases vegetation friction.
All new channels are assigned ”side channel” roughness (Code 105 in Table 8.1)
and a trapezoidal cross sectional shape and slope of 1 to 3. The channels were
implemented with widths of 10 m (low intensity) and 100 m (high intensity),
and depths of 0.35 m (low intensity) and 3.5 m (high intensity) below the water
level with an exceedance frequency of 363 days per year.

3.2.3

Uncertainty sources

Modelling real-world rivers on the scale of nearly 100 km necessarily involves
various simplifications, discretisations and parameterisations. Sources of uncertainty for this river were identified by Warmink et al. (2011) using expert elicitation. The main sources were (a) boundary conditions and (b) main channel
friction and to lesser extent (c) friction by vegetation, (d) geometry and (e) weir
and groynes formulations. In this study we follow the design approach taken in
the Room for the River program, which assumes the boundary conditions given
and stationary for a certain design return rate (which is T1250 ) and therefore not
a source of uncertainty.
Warmink et al. (2013b) considered the hydraulic roughness parameters to
be the most important parameter based on literature. We adopt this assumption and take into account uncertainty of the main channel friction, vegetation
parameters and classification errors in the land-use maps. The total number of
stochastic variables is 39 (see Table 3.1).
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Table 3.1
A summarised overview of the stochastic variables. A full overview is given in Table 8.1

Type
Main channel roughness
Floodplain roughness

Number of stochastic variables
1
Vegetation height (hv )
Vegetation density (nv )
Non-vegetation roughness

Classification error
Total

14
17
6
1
39

Main channel roughness
3
The hydraulic roughness of the main channel is chiefly determined by the
material of the bed (“grain roughness”) and the bed forms (“form roughness”).
Various models have been proposed that calculate the friction factor based on the
characteristics of the bed (Van der Mark, 2009). Here, we adopt the approach
of Warmink et al. (2013a) who estimated the values for Nikuradse roughness
height kn [m] for a T1250 event by extrapolation using a Generalized Extreme
Value (GEV, Weibull variant) distribution for five roughness models. Given
the GEV percentiles, we fitted a lognormal distribution at the T1250 return period for each roughness model. These lognormal distributions were combined
into a single distribution using equal weight for each roughness model. Figure
3.3 shows the resulting individual and combined probability functions from the
Weibull extrapolation.
In the following we will use the joint cumulative density function of the
five roughness models to sample representative roughness height kn . The joint
cumulative function is a highly asymmetrical distribution with a mean of approximately 0.58 m and 95% confidence limits at 0.31 m and 1.0 m. The sampled
values of kn will be used in the hydrodynamic model as input for the WhiteColebrook model:
C = 18 log10

12h
kn

(3.1)

with Chézy coefficient C [m1/2 s−1 ] and water depth h [m]. The sampled kn
values are used to resolve friction for all main channel roughness classes, which
cover 95.6% of the main channel area. The other 4.4% are non-erodible layers
in the outer river bends which are not stochastically determined in this study.
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Figure 3.3
The combined probability function of the main bed roughness is based in Weibull extrapolation
of Nikuradse roughness height kn to the T1250 return period using five different bed roughness
formulas.

Floodplain roughness
The Baseline database divides the floodplain into vegetation classes, riverbanks and water bodies. Each class is given a specific roughness code called a
trachytope, which is then coupled to an appropriate roughness formula and parameters specific to that formula. Spatially, the vegetation in the floodplains is
discretised by polygons, which are designated by either one or a combination of
distinct vegetation classes.
The generation of roughness by vegetation is complex, resulting from obstruction by stems and leafs and turbulent flow through the vegetation and over
the canopy. The relationship between vegetation and roughness is extensively
studied, leading to various models to compute hydraulic friction from vegetation traits (Nepf, 2012; Vargas-Luna et al., 2015; Shields et al., 2017). These
traits often include the vegetation canopy height hv [m], drag coefficient CD [-],
πD2 m

stem density nv = mv Dv or vegetation concentration λ = 4v v with number of stems per square meter mv [m−2 ] and stem diameter Dv [m] (Klopstra
et al., 1997; Stone and Shen, 2002; Baptist et al., 2007; Huthoff et al., 2007;
Yang and Choi, 2010; Li et al., 2015). Warmink et al. (2013b) have shown that
the choice for a particular vegetation model has little influence on the outcome
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uncertainty compared to parameter uncertainty. Therefore, we only used the
model proposed by Klopstra et al. (1997), in which vegetation friction is chiefly
determined by the parameters hv , nv , CD . These parameter values are determined in the following way. For CD we use fixed, deterministic values based
on Van Velzen et al. (2003). The height and density parameters (hv and nv ) are
assigned probability distributions based on the field campaign of Straatsma and
Alkema (2009). Based on 206 field observations, they approximated the variation in vegetation density and height for 25 homogeneous vegetation classes.
Based on their estimate quantiles we fitted lognormal distributions for each class,
assuming the vegetation height and density to be independent parameters. In total, the roughness of 66% of the River Waal floodplain is defined by one of the
vegetation trachytopes and 2.5% is defined by combination of two vegetation
trachytopes.
Six trachytopes are associated with water bodies or riverbanks, accounting
for about 27% of the total areal. We model the friction for these 6 classes with
the Manning formula
C = h1/6 n−1
(3.2)
with Manning coefficient n [sm−1/3 ]. The n values for these trachytopes are
modelled as triangular probability functions with the minimum, maximum and
mean values based on Chow (1959). All parameters of the vegetation parameter
distributions are summarised in Table 8.1. The remaining 4.5% of floodplain
area, which is given deterministic roughness values, is mostly (3.7%) covered
by buildings which are excluded from flow computations, revetment and pavement.
Classification error matrix
Available vegetation maps are likely to contain ‘impurities’ (Knotters and
Brus, 2012) or classification errors, that have significant impact on model output uncertainty (Warmink et al., 2013a). The probabilities of one class being in
reality another is encoded in a confusion matrix (we use Table 1 in Straatsma
and Huthoff (2011)). Following this matrix it is found, for example, that ”Willow plantation” was, in all cases, found to be ”Softwood forest” instead. An
overview of the various vegetation classes is given in the Appendix. Following
these probabilities we generated an ensemble of 2000 pre-intervention trachytope maps. Each map was then given a fixed index number. We sample from
these maps by picking a number from a discrete uniform distribution and finding the corresponding map by index number. In this way, each map is assigned
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the same probability.

3.2.4

Quantification of model output uncertainty

Estimation method

3

In this study we focus on prediction of the maximum flood levels (see Figure 3.2) in the reference state (denoted by X), the maximum flood levels in the
various interventions (denoted by Y) and the difference between these two (denoted by ΔH). Due to the uncertainties in model input discussed in section 3.2.3,
X, Y and ΔH are stochastic. To analytically compute differences between these
two (stochastic) states of the river system, we would need to obtain both the
model output probability distributions, as well as the covariances between the
two distributions (Berends et al., 2018). This problem is analytically intractable,
but can be solved numerically by Monte Carlo simulation (MCS; Metropolis,
1987; Stefanou, 2009). In the numerical approach, covariances are not explicitly
computed.
However, MCS is not always practically feasible or desirable. Although
MCS has been applied for estimation of flood level uncertainty before (Warmink
et al., 2013b), the added task of performing a separate MCS for each intervention puts a severe strain on computational resources. Therefore we follow the
approach of Berends et al. (2018), schematically depicted in Figure 3.10, which
is computationally more efficient. We refer to this method as ‘correlated output
regression analysis’ (CORAL). The key feature of CORAL is that the stochastic
intervention output Y is not directly solved by MCS, but instead an estimator Ŷ
is computed using the reference state and a correlation model. This correlation
model is defined within a Bayesian framework and is probabilistic as well. We
use the same linear model as Berends et al. (2018):
Ŷ = α(X − c) + β + ε + c

(3.3)

with ε ∼ N (0, σ ε ) and transformation constant c. The constant is introduced
to shift data to the origin, which facilitates faster inference, and is defined as c =
min(X). In the Bayesian framework, the regression parameters θ = {α, β, σ ε }
are considered stochastic variables themselves and estimated via a Markov Chain
Monte Carlo (MCMC) algorithm, trained by a limited subsample of simulations
from Y. We use a subsample of m = 20 for all intervention states. To estimate
the distribution of the reference state (step 2) we use a quasi-random MCS sample (n = 1000) with the Sobol’ low-discrepancy sequence. The linear model
was demonstrated to be applicable to similar intervention studies by Berends
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et al. (2018), and (visual) inspection of the correlation between the reference
state and the intervention models shows this holds for our cases as well.
The main advantage of this approach is a significant decrease of required
computational resources by reducing the number of model evaluations. The total number of hydrodynamic model evaluations was 1240, divided over thirteen
model states (the reference plus 12 interventions). This is a decrease of computational effort of more than 90% compared to direct MCS with all states, which
would have totalled 13.000 model evaluations. It is important to state that the
consequence of having a probabilistic correlation model, is that the intervention
state estimator Ŷ is stochastic for each individual draw from the reference state
(X). Since X is stochastic itself, this can be thought of as the ‘uncertainty of the
uncertainty’ or the estimation uncertainty.
To maintain correlation between the X and Y, a union stochastic parameter
space is constructed (step 1 in figure 3.10). Practically, this means that each corresponding member in the reference and intervention model ensembles has identical values for their stochastic variables, with the noticeable exception where
those were altered by the intervention. For example, we assume that a tree with
a height of 8 m in the reference case still has a height of 8 m after intervention,
unless this tree was removed or otherwise affected by the intervention. This is
straightforward to implement for parameter values, but requires an additional
step for the classification uncertainty. To be able to draw from the confusion
matrix (see section 3.2.3) a large number of trachytope maps was generated for
the reference case. To maintain correlation, the same number of maps is generated for each intervention in such a way that every map is identical to the
corresponding reference map with the same index, except in areas where the
intervention has altered the trachytope. For example, an area which was classified as ‘willow plantation’ in the reference state will still be classified as ‘willow
plantation’ after the intervention, unless that area has been reclassified as part of
the intervention.

Uncertainty metrics
As a data reduction step, we summarise the results using the following metrics based on the water level reduction effect ΔH.
Confidence intervals measure the distance between two percentiles (e.g. the
10% and 90%) of a cumulative density function (cdf). We refer to the confidence intervals of the stochastic variables X, Y and ΔH as the model uncertainty

67

3

68 HUMAN INTERVENTION IN RIVERS

confidence interval or MCI. For example, the MCI of ΔH is defined as:
−1
−1
MCIΔH = |F̂ΔH
(pu ) − F̂ΔH
(pl )|

3

(3.4)

The MCI of Ŷ is derived in the same way. Here, F̂ −1 is the inverse cumulative density function, also known as the quantile or percent point function and
pl , pu the lower and upper quantiles. Here, these quantiles are always symmetric around the median. We use a limited subset of quantiles (consistent with
the 10%, 20%, 50%, 80% and 90% confidence intervals) to summarise the data.
Additionally, we calculate the exceedance probability P(ΔH < z) = F̂ΔH (z).
It is important to note that MCIŶ and MCIΔH are stochastic — resulting
from the estimation method. Therefore, each value belonging to an arbitrary
−1
quantile pz may be expressed in terms of the expected value E(F̂ΔH
(pz )) and
−1
variance Var(F̂ΔH (pz )). This uncertainty may be referred to as the estimation
uncertainty. A more detailed account of this can be found in Berends et al.
(2018).
To compare the uncertainty of interventions we calculate the relative uncertainty, i.e. the uncertainty relative to the expected effect. For this, we use an
adapted version of the coefficient of variation, defined as:
Ur;90 =

MCI90,ΔH
E(ΔH)

(3.5)

where MCI90,ΔH is the 90% confidence interval for ΔH and E(ΔH) the average
of ΔH. We use Ur;90 instead of the coefficient of variation (which is defined as
the standard deviation on the expected value) to directly express the size of the
largest used confidence interval in percentages of the expected effect. Therefore,
a Ur;90 of 100% means that the 90% MCI is as large as the average effect. Since
both MCI90,ΔH and E(ΔH) are stochastic, Ur;90 is stochastic as well.

3.3 Results
3.3.1

Pre-intervention uncertainty

Figure 3.4 shows the uncertainty in the water levels along the River Waal before any intervention has taken place, normalised by the average water levels.
The average confidence intervals over the entire stretch range from 55.4 cm for
the 90% interval to 5.7 cm for the 10% interval. However, the intervals are not
uniform along the river. At the downstream boundary the intervals collapse to
zero due to the fixed boundary condition. Upstream from the boundary, there
is a noticeably smaller interval, approximately between km 885 and km 925.
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0
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Figure 3.4
Middle panel: Confidence levels of design water levels, normalised by the average water levels at
each location. The water flow is from left (upstream) to right (downstream). The black line indicates
km 893. Right panel: the histogram of the (not normalised) water levels at km 893.
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This is attributed to the relatively wider floodplains in this part of the river,
which reduces flow through the main channel (Warmink et al., 2013b). The
right hand panel of Figure 3.4 shows the histogram at km 893, which enables
visual comparison with Figure 6 in Warmink et al. (2013b), who performed
their analysis with the WAQUA modelling system for the 1995 River Waal
and slightly higher upstream boundary discharge. They reported a 95% confidence interval of 68 cm (13.99 m + MSL to 14.66 m + MSL) at km 893. Our
results also show a 95% confidence interval of 68 cm, although at slightly higher
water levels (14.05 m + MSL to 14.73 m + NAP). This provides confidence
in the model results. However, we highlight two differences with respect to
the study of Warmink et al. (2013b). First, we did not include the vegetation
roughness model as a source of uncertainty, but we added vegetation parameter
uncertainty. This change does not seem to have affected the output uncertainty
of flood levels significantly. Second, the increase in flood levels with respect
to the study of Warmink et al. (2013b) was not expected, given that between
1995 and 2015 a large scale flood mitigation programme (called ‘Room for the
River’) was carried out aimed at reducing flood levels. However, given the different modelling systems and assumptions, this comparison cannot be used to
judge the effectiveness of that programme.

3.3.2

Uncertainty of along-channel flood level decrease

The primary objective of the flood mitigation measures is to lower flood levels
during a given design discharge. In deterministic approaches, this effect is typically communicated with an along-channel diagram showing the difference (i.e.,
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The expected lowering of flood levels for side channel construction (a, SIDECHAN), and floodplain smoothing (b, FLPSMOOTH), both high intensity and flow direction from left to right.
The colours in this chart convey identical confidence levels as shown in Figure 3.4. The location of
the maximum expected effect is indicated by the dashed line and annotation x m .

before and after the intervention) in flood levels (see e.g. Figure 3 in Klijn et al.,
2018). Figure 3.5 shows a similar diagram, augmented with information on the
uncertainty of the prediction. The expected effect follows the general trend as
a deterministic approach. Starting from the downstream end of the intervention (around km 932), water levels gradually decrease due to the local increase
of conveyance compared to the reference state. From km 912 upstream, water
levels gradually return to the reference equilibrium. The gradual relaxation to
equilibrium levels both over and upstream from the intervention, i.e. backwater curves, is explained through basic sub-critical flow theory. We note that the
length of the backwater curves spans tens of kilometres resulting in a residual
water level decrease of approximately 5 cm near the upstream boundary (km
868). In theory, this could affect the distribution of discharge at the bifurcation of the River Waal with the Pannerden Canal. This secondary effect is not
accounted for in this study.
The novelty of Figure 3.5 is mainly found in the uncertainty, visualised
through the confidence intervals. These intervals follow the movement of the
average; going down when the average decreases and relaxing toward the reference equilibrium upstream from the location of maximum effect (x m ). This
shows that taking into account parameter uncertainty does not fundamentally
change established typical effects of flood mitigation measures. However, the
movement with the average is not accompanied by parallelity: the range of the
intervals is not constant along the river. Instead, the range of the intervals scale
with the expected effect: the ranges are small for small effects, and increase
with increasing effect. Consequently, uncertainty is largest at the maximum
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effect. Downstream from the intervention the confidence bands tend to zero,
since for a steady computation, there is no difference between the pre- and postintervention models and no backwater effects. Upstream from the intervention
the confidence intervals reduce to zero along with the backwater curve effect.
Next, we compute the relative uncertainty (Ur;90 ) for each intervention and
intensity. We first marginalise the uncertainty in Ur;90 due to CORAL by calculating the expected value (E(Ur;90 )) for each point along the river (Figure 3.6).
Figure 3.6, as well as the relatively small standard deviations in Table 3.2, show
that values for E(Ur;90 ) are fairly constant over the river length up to the location of the maximum flood level decrease (x m ) for all interventions. A notable
exception is the peak at approximately km 885 for low-intensity GROYNLOW.
This is attributed to small inaccuracies in the estimation of the expected effect.
Since Ur;90 is a ratio, its value is sensitive to small values of the denominator,
which is the expected effect (see Eq. (3.5)). GROYNLOW has a very minor effect (maximum of 1 cm at low intensity), so small inaccuracies in estimation will
greatly affect Ur;90 . For this same reason, we do not compute Ur;90 downstream
from the maximum effect, as the flood level decrease will rapidly return to and
cross zero, which will lead to rapidly exploding Ur;90 values. From the fact that
we do not observe such peaks much more often, we gain confidence that the
chosen estimation method is suitable for this type of analysis even at very smallscale effects. In general, the constant values for E(Ur;90 ) show that it is a useful
parameter to characterise the uncertainty of an intervention, as the increase in
uncertainty with the effect, observed in Figure 3.5 is sufficiently summarised by
a single Ur;90 value.
It is interesting to note that in theory, the adaptation length (i.e. the length
scale of the backwater curve) is affected by the equilibrium water level and can
therefore result in converging or diverging confidence intervals. Since E(Ur;90 )
is relatively constant along the river, the adaptation lengths (i.e. the length scale
of backwater effects) are not significantly affected by the intervention. Therefore, we see that all uncertainty is generated over the length of the intervention
and subsequently diminishes upstream as water levels return to their equilibrium. In other words, if the adaptation lengths are known, the uncertainty upstream of x m can be readily estimated from the relative uncertainty at x m .
A comparison of all interventions (Table 3.2) shows that small effects (E(ΔH)xm )
are accompanied by small uncertainties (E(MCI90 )xm ). This shows that even
small changes to rivers can be predicted, even when the absolute uncertainty in
water levels (see figure 3.4) is an order of magnitude larger than the expected
effect.
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The expected values for the relative uncertainty (Ur;90 ) along the river, from the upstream boundary at km 868 to the location of maximum effect x m indicated by the marker, showing relatively
constant values upstream from x m .

3.3.3

Inter-comparison between interventions

A straightforward way to compare differences between the effect of two or
more interventions is to look at the backwater figures. In Figure 3.5 we see
two diagrams of interventions that result in flood level decrease within the same
order of magnitude, but with very different uncertainty. The uncertainty of
FLPSMOOTH is much higher than that of SIDECHAN, as represented by the
wider confidence intervals.
To systematically compare interventions we compute the relative uncertainty Ur;90 at the location of the maximum effect for each intervention (Figure
3.7). Since Ur;90 is stochastic, we visualised the kernel density estimation of
their probability distributions. In general we observe that (i) FLPSMOOTH and
MINEMBLOW are more uncertain than the other four interventions. This can
be seen by their higher values for Ur;90 , especially for the high-intensity variants.
We also observe that overall, the low-intensity variants have similar distributions compared to their high-intensity variants, both in shape and location. Even
in the cases where the high-intensity variant distribution is clearly different from
the low-intensity variant (DIKERELOC, GROYNLOW and FLPSMOOTH), the
distribution still overlap. This shows that the intensity of an intervention is not
a deciding explaining factor for Ur;90 , even though it is evidently important in
explaining the absolute uncertainty (MCI90 ) and the expected effect. The latter
follows from the earlier observation that the absolute uncertainty scales with the
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Table 3.2
Summarised results for each measure. H=high intensity; L=low intensity; x m = location
in Rhine kilometre (km) where maximum effect occurs; E(ΔH)xm = expected effect at x m ;
d
E(MCI90 )xm =expected 90% uncertainty at x m ; E(U
r;90 )= Expected relative uncertainty along the
river (average ± the standard deviation). The rows are sorted from highest expected effect (top) to
lowest expected effect (bottom).

Intervention
DIKERELOC
FLPLOW
SIDECHAN
FLPSMOOTH
GROYNLOW
MINEMBLOW

H
L
H
L
H
L
H
L
H
L
H
L

xm
916
924
914
916
912
912
912
912
918
916
914
914

E(ΔH)xm
-1.08
-0.21
-0.80
-0.10
-0.36
-0.02
-0.28
-0.04
-0.04
-0.01
-0.03
-0.03

E(MCI90 )xm
0.176
0.034
0.224
0.024
0.076
0.007
0.239
0.023
0.012
0.004
0.014
0.013

d
E(U
r;90 )
15±2.2%
20±2.3%
28±1.7%
25±2.3%
20±1.0%
30±2.1%
82±1.9%
55±1.6%
26±0.9%
42±5.1%
54±0.9%
53±0.9%

expected effect following a (constant) relative uncertainty. For decision making,
it may be useful to estimate how much uncertainty is expected for a given expected effect. When considering different flood mitigation measures, the choice
may depend on the level of acceptable uncertainty.
By linearly interpolating between the expected values of the low and high
intensities, we obtain a first approximation of the uncertainty for a given expected effect for each intervention (Figure 3.8). For example, consider that the
objective of a planned flood mitigation measure is 25 cm. We see from figure
3.8 that this can be accomplished by four different interventions (FLPSMOOTH,
FLPLOW, SIDECHAN and DIKERELOC), within the bounds marked by the
low- and high intensities. The confidence intervals differ markedly between
those choices. Under the assumption of linear interpolation between the two
intensities, the 90% confidence intervals for an expected decrease of 25 cm are
estimated at 4 cm (DIKERELOC), 5 cm (SIDECHAN), 7 cm (FLPLOW) and 21
cm (FLPSMOOTH). These intervals may or may not be acceptable.
Instead of looking at the expected effect, the confidence intervals can be
marginalised by designing for a given exceedance probability of the effect. The
desired effect is related to the expected effect through the exceedance probability. To illustrate how the exceedance probability can be used to guide inter-
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Probability densities of the relative uncertainty (Ur;90 ) at the location of maximum effect (x m ), for
all interventions, showing that FLPSMOOTH is significantly more uncertain than other interventions. Most interventions show similar distributions for the low intensity (left, light coloured)
and high intensity (right, dark coloured) variants.

vention design, we linearly interpolated between the low-intensity and highintensity variants as function of the expected effect (Figure 3.9). In this figure,
the estimation uncertainty is not taken into account. Given that we only have
two points (low and high intensity), a linear transformation is the only model
we can support. Although we acknowledge that other models are possible, we
included this as a first approximation, because it illustrates information available
for decision makers.
The high-intensity variant of FLPSMOOTH has an expected flood level decrease of 28 cm. However, the likelihood that the decrease is smaller (or higher)
than that number is only 50%. This means that the expected effect of 28 cm is as
likely not to be met by the proposed intervention, as it is to succeed. In contrast,
the 90% exceedance probability for the high-intensity variant is 18.7 cm. This
means that it is ”very likely” (following IPCC terminology, see Solomon et al.
(2007)) that the flood level decrease is larger than 18.7 cm.
This approach can be applied to the earlier example of a planned mitigation
measure with a 25 cm flood level decrease objective. In figure 3.9 (b), we see that
at an exceedance probability of 66% (”Likely”), all four possible interventions
can be implemented. However, to meet this likelihood all interventions have to
be ”over-designed”, i.e. to meet a larger expected flood level decrease than the
given objective. For example, floodplain smoothing needs to be designed for an
expected effect of 28 cm for a 66% likelihood of reaching the objective of 25 cm.
The amount by which the measure needs to be over-designed depends on the
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Figure 3.8
The expected effect (E(ΔH)) at x m against the 90% confidence interval, linearly interpolated between the low and high intensities. The relationship between the two is described by the relative
uncertainty Ur;90 , here shown as dashed grey lines. The error bars depict the estimation uncertainty
(90% interval). The right hand panel (b) displays a zoomed-in part of the left-hand graph.

uncertainty of that measure and the exceedance probability. Higher exceedance
probabilities such as a 95% likelihood (”Extremely likely”) can also preclude
some flood mitigation measures (Figure 3.9 (c)). With this level of confidence,
FLPSMOOTH can no longer be considered: none of the computed examples
reach an ‘extremely likely’ flood level decrease of 25 cm within the limits of the
considered interventions. In this case, there is a physical limit to an even higher
intensity FLPSMOOTH, since there is simply no more available land within the
study area to turn into meadow. Extrapolation beyond the given limits is therefore not possible, although a higher effect could be obtained by simply enlarging
the study area. Within the given limits, the three remaining interventions (DIKERELOC, SIDECHAN and FLPLOW) can still be used. They would need to be
designed for an expected effect of -0.27m , -0.28m and -0.29m, respectively.
For perspective, it is worthwhile to point out that one of the greatest interventions on the River Waal in the past decades, the Nijmegen-Lent dike relocation
project, has a (deterministically) predicted effect of -27 cm, at an estimated cost
of more than ten million Euro per cm flood level decrease.

3.4 Discussion
Our results show that some interventions are inherently more uncertain than
other interventions. Given the complexity of high-detailed modelling of floodplains, it is not straightforward to explain these differences. The statistical causes
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of uncertainty are discussed in detail by Berends et al. (2018). They observed
that the removal of existing stochastic elements (e.g., a vegetation polygon) in
exchange for new ones greatly increased the unexplained variance (ε in (eq. 3.3))
and therefore increases effect uncertainty. We see that here as well: FLPSMOOTH,
which removes high-friction vegetation in exchange for meadow, is by far the
most uncertain intervention. However, in this study we have argued that the
relative uncertainty (Ur;90 ) is a more useful parameter than the absolute uncertainty (MCI). In that context, a large absolute uncertainty can be offset by
a large expected flood level decrease. This is evidenced by both DIKERELOC
and FLPLOW, which both have a large absolute uncertainty at high intensity
but a relatively low relative uncertainty. A reduction in relative uncertainty
could therefore be achieved by minimising the amount of change to existing
floodplains while optimising the expected flood level decrease. This general
observation is likely applicable to other rivers and case studies.
A lack of computational resources is often named as the main obstacle that
motivates the use of deterministic approaches over probabilistic approaches. The
analysis performed in this study is nonetheless feasible due to the CORAL approach, which reduces the required computer resources by reducing the number
of model evaluations. An additional advantage of this method is that the uncertainty of the estimation is known and can be explicitly incorporated in analyses.
In this study, we show that the relative uncertainty Ur;90 can be estimated to a
sufficient precision (Figure 3.7) to draw conclusions, even with a relatively low
number of model runs (20 for each intervention). It is possible to decrease the
estimation uncertainty by increasing the number of model runs with the postintervention models (Berends et al., 2018), if (computational) resources allow.
Our study focused on providing uncertainty estimations for many different
interventions, not to provide an optimal intervention for the given case study.
Following this approach we made several simplifications, that must be resolved
when an optimal intervention design is pursued. The linear interpolation between low intensity and high intensity interventions in figures 3.8 and 3.9 was
used to obtain a first approximation of the uncertainty for interventions at different intensities. These figures are useful to illustrate how confidence levels and
differences in relative uncertainty between interventions affect the expected effect but should not replace new calculations in intervention design – in part because our study provides only two support points, which is insufficient to either
support or oppose the assumption of linearity. Rather, they may help to provide
a starting point for a new set of calculations. Second, we marginalised the estimation uncertainty in figure 3.9 by averaging, to show how model uncertainty
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implicates intervention design. Practical use of exceedance levels should include
estimation uncertainty of those levels — which can be reduced by increasing the
number of model evaluations if necessary. Finally, the interventions studied in
this paper are single archetypes, while in reality designs would likely be a combination of multiple archetypes (e.g. side channel combined with lowering of
the surrounding floodplain). Our study does not provide support for claims regarding such compound interventions, which would require further study.
Our approach is a form of forward uncertainty analysis: the quantification
of model output uncertainty based on uncertainty in model assumptions without taking into account historical evidence of the goal variable (i.e., water level
measurements). We justify choosing this approach based on the assumption that
no historical information can be used to infer or narrow the distributions of the
uncertain parameters, because (a) such information does not exist for our study
case and (b) measurements after the intervention will never be available ex ante.
The results of our analysis are therefore conditional on our assumptions about
the validity of the model, the selection of uncertainty sources and the probability distributions of these sources. We have taken care to select the stochastic
variables, and their distributions, based on previous research specific to our study
case. Forward uncertainty analysis is contrasted (e.g., see Beven et al., 2018) with
so-called inverse methods, such as GLUE (Beven and Binley, 2014), DREAM
(Vrugt et al., 2008b) or deterministic calibration, that use historical evidence to
potentially narrow the uncertainty bands of input variables. However, the potential use of historical data to constrict uncertainty faces complex challenges
which will have to be met. Chief among them are extrapolation to unmeasured
conditions and dealing with the large number of uncertain variables (here, 39)
which may not be uniquely identifiable (Werner et al., 2005b). In any case, like
traditional deterministic approaches, the assumptions underlying probabilistic
approaches should be readily available, transparent, and open to discussion.
Models can play a role in decision support under (deep) uncertainty and
the uncertainty quantification is an important step to model the future (Maier
et al., 2016). However, too much focus on quantifiable uncertainty should be
avoided. Warmink et al. (2017) documented several examples where too much
focus on quantifiable (also “statistical” or “technical”) uncertainty resulted in
knowledge creation that did not contribute to the policy process (“superfluous
knowledge”). A key idea is that other uncertainties exist that cannot be reduced
by more data or simply cannot be quantified. Examples of these include ‘social uncertainty’: fundamental disagreement between experts, lack of trust in
scientific results, ambiguity and diverging narratives based on the same empir-
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ical basis (Sarewitz, 2004; Brugnach et al., 2011; Warmink et al., 2017) Coping
with such uncertainties may require adaptive river management (Pahl-Wostl,
2009) and exploration of multiple alternate futures (See the third paradigm of
Maier et al., 2016, and references therein). Given these considerations, there
are several probabilistic frameworks of flood risk adaptation strategies to which
explicit quantification of model uncertainty is a natural and required extension
(e.g. Lendering et al., 2018; Klijn et al., 2018). In this paper, we demonstrated
that model predictions of human intervention in rivers are sensitive to uncertainty and can substantially influence design decisions. Therefore, we argue that
trusting only on the best available knowledge and, by extension, prediction by
the best-available models, is not sufficient for planning interventions in river systems. Finally, our study was limited to the effect of interventions with respect to
water level lowering. We did not consider other indicators, such as economic,
ecological or societal costs and benefits, as was done by Straatsma et al. (2019)
(albeit without addressing uncertainty). Multidisciplinary and multisectoral assessment of interventions including uncertainty is recommended to determine
trade-offs in river management. CORAL provides a computationally effective
method to do so.

3.5 Conclusions
In general, our study shows that explicitly quantifying the uncertainty of predicted flood mitigation measures provides valuable information to decision makers and modellers. On the one hand, results show how taking into account uncertainty can lead to different design choices. On the other hand, even small
effects on flood levels can be quantified, because small effects are accompanied
by small uncertainties. This shows that model uncertainty does not invalidate
model-supported decision making in river management, but enriches it.
Our first objective was to quantify the effect of parameter uncertainty on the
predicted effectiveness of flood mitigation measures. Based on previous studies, we quantified the parameter uncertainty for 39 variables and estimated the
uncertainty of model output. Results show that the absolute uncertainty of the
predicted effect of flood level decrease is highly dependent on the type of intervention and location along the river. However, we found that the confidence bounds of flood level decrease along the river can be adequately described
by a single ”relative uncertainty” metric, defined as the ratio between the 90%
confidence interval and the expected effect. This ratio remains relatively constant along the river and between intensities of intervention types, and enables
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us to make some general observations. First, all uncertainty is ‘generated’ where
the intervention has modified the river system. Upstream from there, the uncertainty gradually diminishes upstream with a constant rate following typical
backwater curves. Second, a higher expected flood level decrease lead to a higher
uncertainty, and a small flood level decrease was accompanied by a small uncertainty. The ranges of the expected relative uncertainty varied between 15% and
40% for most interventions, which means that the size of the 90% confidence
bounds of those interventions is less than half of the expected flood level decrease.
The second objective was to explore the relationship between the expected
effect and its uncertainty, to aid in the decision making process. We observe
that interventions of different types may reach the same expected flood level
decrease, but having different uncertainty. Specifically, a large-scale but relatively ineffective intervention such as floodplain smoothing (by removing highfriction vegetation) has a high relative uncertainty compared to alternative interventions. The intensity of an intervention (e.g. total area of vegetation smoothed)
may be increased to reach a higher effect. Our results show that higher intensity also leads to a higher uncertainty, while the relative uncertainty remains
approximately constant. This relationship was then used to show how explicit
uncertainty quantification and differences in relative uncertainty between various interventions may affect design choices, depending on the level of acceptable uncertainty. For a fixed level of acceptable uncertainty (i.e., by a given exceedance probability), we graphically demonstrated that interventions need to
be designed for a larger expected flood level decrease than the given objective.
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Figure 3.9
(a) The relationship between the expected effect E(ΔH) and the exceedance level z for various exceedance probabilities. (b) Inter-comparison of a 66% exceedance probability for four interventions.
The dashed black line indicates a z of 25 cm, and the coloured dashed lines indicate which expected
level belong to that z, given the exceedance probability (see text). (c) same as (b), but for an exceedance probability of 99%. Note that all lines show the expected value of the exceedance level;
the estimation uncertainty is not depicted.
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Figure 3.10
Schematic overview of the efficient uncertainty estimation method CORAL for post-intervention
model output and impact analysis. In this figure: n: MCS sample size; m : subsample size; p:
number of stochastic parameters; X: pre-intervention model output; j the number of draws from
the posterior predictive model; Y: post-intervention model output; Ŷ: estimated post-intervention
model output; ΔH: intervention effect. Figure adapted from (Berends et al., 2018).
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Abstract

4

To guarantee port accessibility, navigation approach channels need to be well
maintained. Annual dredging efforts to maintain navigable channels may well exceed
tens of millions m3 of sediment per year, which results in high recurrent costs
for port operators. Quantification of expected siltation rates with process-based
numerical models helps to effectively design and optimise approach channels. The
setup of such models requires several assumptions and parameter settings which
introduce uncertainty in model output. However, traditional Monte Carlo methods
to quantify that uncertainty in model output are often too resource-intensive with
current standard computer resources to be feasibly applied in coastal engineering
projects such as approach channel design. Here, we use an alternative multifidelity
approach to estimate the probability density function of channel siltation, at lower
computational costs compared to direct Monte Carlo simulation. The idea behind
this method is to map the output uncertainty of a faster, but inaccurate model to
a preferred high-detailed model. The key requirement is that the faster, low-fidelity
model and the detailed high-fidelity model are correlated, and that his correlation
can be modelled with a probabilistic function. Since linearity of the correlation is
not a requirement, the coarse-grid model can be very inaccurate but still serve as an
adequate predictor of the high-fidelity model. In this study we did observe a highly
nonlinear correlation, which in our case is explained by underestimation of channel
siltation near the surf zone by the coarse model. In the presented multifidelity
approach we adopted a combination of quasi-random Monte Carlo simulation and
a non-parametric Gaussian process transfer function to estimate the uncertainty of
total siltation and spatial patterns of siltation in a port approach channel. We argue
that the multifidelity approach is conceptually straightforward and found that it can be
used to significantly decrease the costs of probabilistic analysis; in our case we found
an 85% decrease compared to direct Monte Carlo simulation. An additional advantage
is that the approach allows for a trade-off between precision and efficiency by varying
the number of high-fidelity model runs. Therefore, we conclude that the multifidelity
framework is a potential powerful alternative for cases in which direct Monte Carlo
simulation is infeasible or undesirable.
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4.1 Introduction

AS A CONSEQUENCE OF A WORLDWIDE INCREASE in the demand for

4

commodities and goods, the dependency of society on large seaports is growing.
In the wake of this trend, increasing pressure on seaports has led to up-scaling
of both existing (i.e. brown field) and new (i.e. green field) ports. Growth of
vessels and, consequently, navigation channel dimensions has lead to increasing
annual siltation rates, which leads to increased maintenance dredging. At many
ports around the world, costs associated with maintenance dredging play a significant role in port expenses. In large port systems, annual siltation rates may
well exceed tens of millions m3 per year (Van Maren et al., 2015).
In present study, we focus on the problem of siltation of a green-field navigation channel constructed in an estuary. Ports are often strategically located
in estuaries to service both seaborne and inland vessels. The complex hydroand morphodynamic processes in estuaries can be modelled using sophisticated
numerical models (e.g, Delft3D, CCHE2D, TELEMAC). Such models are applied both in research and engineering practice to design and optimise port approach channels.
Despite recent advances in and proliferation of various models and codes,
morphodynamic modelling still encounters many challenges (Mosselman and
Le, 2016). One of these challenges is selecting appropriate input and parameter
values, which are often case-specific. As is common in environmental models, the required data to determine appropriate parameter values are often not
available, naturally stochastic, or not directly measurable. For example, the significant wave height exhibits high natural variability which can be described by
extreme value distributions (Menéndez et al., 2009). Bed friction is not directly
measurable and often used as an optimisation or calibration parameter. Such
lack of data can be remedied to some degree by choosing a single best-guess
value, which may be obtained by eliciting expert experience or parameter optimisation. However, it is argued that our ability to test such approaches is very
limited (Oreskes et al., 1994). This is evidently so when the conditions of the
study are sufficiently different from any given measured conditions — which is
often the case in the context of coastal engineering, where we try to predict future (hence unmeasured) changes in the coastal system due to human interventions. An example of this is found in the central problem of this article, namely
siltation of a navigation channel where previously no channel existed. Instead
of exact, deterministic (i.e., non stochastic) case-specific values, any choice will

MULTIFIDELITY ANALYSIS FOR CHANNEL SILTATION

involve some amount of uncertainty which may significantly affect model output. Therefore, numerical models inherently entail a degree of uncertainty in
coastal engineering applications.
For short to medium term predictions, and in the absence of major system
changes, measurements can be used to estimate the total predictive uncertainty
of numerical models (Fortunato et al., 2009; Van der Wegen and Jaffe, 2013).
If this is not possible or not appropriate, the uncertainty in input values can be
explicitly modelled as probabilistic (stochastic) variables. This is known as forward uncertainty quantification, in that it considers the effect of uncertainty of
model input on the uncertainty of model output. There is increasing popularity
for probabilistic approaches, as well as decision support systems that take into
account uncertainty (Uusitalo et al., 2015, and references therein). In hydrodynamic and morphodynamic studies, probabilistic analysis has found application
in storm erosion modelling (Callaghan et al., 2008, 2013), quantifying coastline
recession risk (Wainwright et al., 2014; Jongejan et al., 2016) and computing
river flood levels (Pappenberger et al., 2006; Werner et al., 2005b; Warmink
et al., 2013a).
However, a probabilistic rather than a deterministic approach comes with
the additional challenge to solve a stochastic problem. This is often accomplished with (a variant) of direct Monte Carlo simulation (MCS), which requires only a deterministic model that can be run many times, each time choosing different input and parameter values at random. While MCS is considered
to be the only universal way to quantify model output uncertainty (Stefanou,
2009), it is also very resource intensive if single model evaluations are computationally expensive (Van Maren and Cronin, 2016). Much effort is going into
finding more efficient, alternative solutions to quantify uncertainty in model
output (Teng et al., 2017). One branch of solutions aims to decrease the number of required computations by choosing alternative sampling techniques over
simple random Monte Carlo (Ranasinghe, 2016). Such approaches include importance sampling, stratified sampling (including Latin Hypercube Sampling)
or low-discrepancy sequences, which have shown to improve convergence rates
(Saltelli, 2002; Helton and Davis, 2003). Alternatively, model code could be
adapted to compute the necessary gradients directly (Villaret et al., 2016). Another branch of solutions focuses on reducing the computational cost of a single
model evaluation. If the problem allows, the model itself may be simplified,
for example by reducing the system to a onedimensional problem (Van Vuren
et al., 2005; Sabatine et al., 2015). This is sometimes referred to as the ‘Occams
razor’ approach (i.e. choosing the simplest model suited for the task (Young
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et al., 1996)).
Nonetheless, many problems exist for which even the most simple appropriate model is very computationally expensive. For such problems, an increasing
body of work is devoted to a type of approach that may collectively be referred
to as surrogate or emulation modelling (Castelletti et al., 2012; Razavi et al., 2012;
Asher et al., 2015). In very general terms, a surrogate model aims to mimic the
results of a complex model, but at a significantly reduced computational cost.
In some cases, the relationship between the surrogate model and the complex
model may be formally determined If the surrogate is used instead of the complex model, the construction and validation of the surrogate is analogue to traditional calibration and validation approaches (Young and Ratto, 2011; Castelletti
et al., 2012). This approach is often used when the surrogate is a statistical (databased) approximation, such as a neural network (Aguilar-López et al., 2016). In
other approaches, the surrogate can be used to help select and limit complex
model evaluations. An example of this is the framework proposed by Koutsourelakis (2009), who applies Bayesian inference to construct a relationship
between the output of a high resolution numerical model, and a low resolution
surrogate model. One of the benefits of this approach is that both the complex
model and the surrogate are process-based. Process-based surrogates incorporate the same fundamental processes and functions as the complex model, and
are therefore expected to show better efficiency compared to data-based approaches if the number of stochastic parameters is large, and higher reliability
for situations outside the calibration range of the data-driven surrogate (Razavi
et al., 2012; Asher et al., 2015). The use of a lower-resolution process-based surrogate may be referred to as a multifidelity approach, with the surrogate being
a lower-fidelity version of the complex, high-fidelity model. An overview of
state-of-the-art multifidelity frameworks is given by Peherstorfer et al. (2016).
Applications of uncertainty quantification with a multifidelity framework are
currently found in structural and biomechanical engineering (Koutsourelakis,
2009; De Baar et al., 2015; Biehler and Wall, 2017), but no applications were
found in environmental and morphodynamic modelling.
In this paper, we adopt the framework of Koutsourelakis (2009), which offers a potentially efficient, conceptually straightforward and non-invasive (i.e.
no changes in model code) alternative to direct Monte Carlo simulation. Furthermore, the uncertainty of the surrogate approximation is explicitly taken into
account through the Bayesian framework. The key requirement is that the output of the low-fidelity and high-fidelity models are correlated, and that the
correlation can be described by a probabilistic function. This correlation can be
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assumed because both the low- and high-fidelity models are based on the same
physical principles. For example, in morphodynamic models higher river discharge should increase water levels and negative sediment transport gradients
should result in erosion, irrespective of model fidelity. Therefore, conditions
that lead to higher siltation in a complex model are expected to lead to higher
siltation in a coarser model. Koutsourelakis (2009) demonstrated that this correlation between a low-fidelity and a complex high-fidelity model can be estimated based on a limited number of high-fidelity model runs. However, it can
be argued that the morphodynamic processes that govern channel siltation just
cannot be sufficiently resolved on (very) coarse grids.
The central question in this study is how a multifidelity approach can be
adapted to significantly reduce the costs of uncertainty quantification, by using a
low-resolution model for quantification of high-resolution models uncertainty.
Here, we apply this method to an idealised green-field port design problem.
Various uncertainty sources in input and model parameters are considered, the
resulting daily channel siltation rate is quantified and a generalisation of our
approach to other morphodynamic problems is discussed.
This article is structured as follows. In section 4.2, we introduce the models and uncertainty quantification method. Results are discussed in section 4.3.
In section 4.4 we discuss the assumptions underlying the multifidelity estimation and generalisation to other problems. Finally, conclusions are presented in
section 4.5.

4.2 Method
4.2.1

Case study and morphological model

In this study we consider an idealised mud-dominated estuarine system with
gentle (10−3 m/m) foreshore slopes, serviced by an ephemeral (rain-fed) river
with a low baseline discharge (Figure 4.1). In this system an approach channel is
constructed to provide access to a green-field (new) port. The approach channel
protrudes 2 km into the river and is dimensioned to accommodate large vessels
(400 m wide, 22 km long and 20 m deep).
The process-based morphodynamic model Delft3D (Lesser et al., 2004) was
used for all simulations in this study. The model was applied with a 3D numerical grid, salinity variation and sediment transport. Bed friction is resolved in
Delft3D via a uniform Manning coefficient. We assume a constant fall velocity throughout the model. However, influence of hindered settling on the fall
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Figure 4.1
Schematic overview of the idealised system. The greenfield port is located just inside the estuary.
The offshore system had a gentle slope, while the approach channel has a uniform depth of 20m.
The river has a mean depth of 5 m.

4

velocity is included through the method of Richardson and Zaki (1954). We
did not account for flocculation, due to a lack of data supporting this process.
Short waves are resolved with SWAN (Booij et al., 1999) with wave height and
period described at the three open offshore boundaries and a wave angle perpendicular to the coast. The SWAN model uses a larger computational domain (see
Figure 4.1) to prevent boundary effects. The model is forced by one river and
tree offshore boundaries. Upstream fresh water river discharge was obtained
from a hydrological model and offshore wave conditions were obtained from
ECMWF ERA-Interim hindcast data (Dee et al., 2011). The offshore tide representing the cross-shore spring-neap tidal variation was based on various tidal
components obtained from the global inverse solution model TPXO 7.2 (Egbert and Erofeeva, 2002). These parameters and forcing conditions are chosen
to be consistent with the West-African coast. The sediment transport at the
boundary is computed by the model using the assumption of a fixed bed at the
boundaries.
The model bed is defined with a uniform 10 m sediment layer thickness
throughout the system, with the exception of the approach channel which has
no available sediment: we assume no erosion takes place in the channel. This
assumption is based on two considerations. First, this leads to a conservative
estimation of channel siltation. Second, after dredging the coastal bed consists
of deeper silt layers which are strongly consolidated and considerably harder to
erode. Here, we take this into account by modelling the channel as effectively
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non-erodible. The sediment is uniformly defined as fine cohesive material.
The effect of density gradients on 3D hydrodynamics as a consequence of
spatial-temporal variations in salinity and suspended sediment concentrations is
taken into account. Since we assume the channel is continuously maintained to
keep it at the same depth, we have disabled morphological updating. Daily siltation rates are calculated from a three-month long model simulation. Throughout this study, we use two model resolutions:
• A high-fidelity model with 16 cells over the channel width for a total of
4693 grid cells in the channel and an average grid size of 75 by 25 m. On
our computer resources, this configuration takes approximately 2 days for a
single computation of 3 months.
• A low-fidelity model with 4 cells over the channel width for a total of 293
grid cells in the channel with an average grid size of 300 by 100 m. On
our computer resources, this configuration takes approximately 3 hours for
a single computation of 3 months.
In comparison to the horizontal resolution, we expect that changes in the
vertical resolution would adversely affect the representation of processes like
estuarine circulation and the vertical profile of sediment concentrations For this
reason, both models used the same vertical resolution of 8 σ-layers. All physical
processes described above are modelled and parameterised in the same way in
both model fidelities. The only difference is found in the resolution of the computational grid. We use a multifidelity framework (see section 4.2.2) to quantify
input and parameter uncertainty (section 4.2.3) in the output of the high-fidelity
model. First, we quantify the model output uncertainty for the siltation in the
entire approach channel. Then, we quantify the uncertainty for multiple locations in the approach channel, to visualise the spatial distribution of siltation
patterns. All computations are performed on a computational cluster consisting
of 4-core Intel Xeon 3.6 GHz nodes with 8 GB memory and parallelised over
four cores.

4.2.2

Multifidelity framework

According to Razavi et al. (2012), model fidelity refers to the degree of realism relative to the real-world system. In essence, the same real-world system
can be modelled with different degrees of realism. Ideally, the problem dictates the required fidelity. When the required fidelity is not computationally
feasible lower-fidelity models can be used instead, although usually at the price

4

90 HUMAN INTERVENTION IN RIVERS

Define input distributions (4.2.3)

expert

data

Create MCS
sample (4.2.4)
Increase MC
sample size

no

4

Run low-fidelity
ensemble

Convergence?
yes
Create subsample (4.2.5)
Run highfidelity ensemble
Transfer
function (4.2.5)
High-fidelity
UQ (4.2.5)

Figure 4.2
Schematic overview of the multifidelity framework. The sections that discuss the various steps in
more detail are shown in parentheses.
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of reduced accuracy. Such models are variously termed surrogates, reducedcomplexity models, meta-models or low-fidelity models. The concept of using lower fidelity models — which are less accurate but computationally faster
— for tasks ideally achieved by a higher fidelity model was first introduced by
Kennedy and O’Hagan (2000). In this study, we use a low-fidelity model to
estimate the uncertainty associated with high-fidelity model output, using the
theoretical framework proposed by Koutsourelakis (2009).
Our multifidelity framework is schematically depicted in Figure 4.2. The
key concept of the multifidelity method is to correct the low-fidelity MCS output for inadequacies relative to the high-fidelity model, based on a transfer function and a limited number (subsample) of high-fidelity model evaluations. If the
low-fidelity model results are plotted against the high-fidelity model results, the
problem of finding a transfer function essentially reduces to one of regression
of a potentially non-linear, noisy relation between two correlated variables: the
predictor (low-fidelity model results) and response (high-fidelity model results).
The individual steps are detailed in the following paragraphs.
4

4.2.3

Selection of input distributions

Out of all the forcing and model parameters available in the morphodynamic
Delft3D model, we made an initial selection of five main sources based on expert consultation. These are the uniform Manning bed roughness coefficient n
[sm−1/3 ], river discharge Q at the river boundary [m3 s−1 ], critical shear stress
for erosion τ c [Nm−2 ], sediment settling velocity ws [ms−1 ], and significant
wave height Hs [m] at the offshore boundaries. For these five sources we define
a probability density function, based on representative data for Hs and Q, and
based on expert consultation for the others.
The input distribution of the significant wave height (Hs ) is based on opensource 6-hourly wave data from ECMWF ERA-Interim hindcast data (Dee
et al., 2011) over a period of 35 years. A generalised extreme values (GEV) distribution is fitted to the daily averaged significant wave heights. The parameters
of the resulting GEV distribution are summarised in table 4.1.
The estuary is fed by fresh water discharge (Q) from the upstream catchment. Discharge data is simulated for an 11 year period using a hydrological
model for a 470 km2 catchment, with precipitation data from NASA Tropical
Rainfall Measuring Mission (Liu et al., 2012). We modelled the distribution of
weekly mean discharge as an empirical distribution.
There was no available data to support distributions for τ c , n and ws . There-
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Table 4.1
Distribution parameters and characteristic values of the parameter distributions

Distribution
μ
σ
ξ
10th percentile
90th percentile
mean value
median value

4

Hs [m]
GEV
0.861
0.141
-0.0265
0.74
1.19
0.95
0.91

Q [m3 s−1 ]
Empirical

τ c [Nm−2 ]
Normal
0.5
7.80E-02

n [sm−1/3 ]
Normal
0.02
1.56E-03

ws [ms−1]
Log-normal
-0.7
0.35

1.55
60.4

0.4
0.6
0.5
0.5

0.018
0.022
0.020
0.020

0.32
0.78
0.53
0.50

7.07

fore, distributions were defined based on consultation with several modellers
with experience in modelling large estuarine and coastal systems. All input distributions are summarised in table 4.1.
All parameters and input distributions are treated as independent parameters. A one-at-a-time (OTA) sensitivity screening is performed by changing the
value of each variable to its 10th and 90th percentile, while keeping all others at
their mean value. Uncertainty sources that are significantly less sensitive will be
fixed at their mean value during the uncertainty quantification.

4.2.4

Monte Carlo simulation with the low-fidelity model

Monte Carlo simulation (MCS) is a method to resolve model output uncertainty
by randomly drawing model input and evaluating the model at each draw. The
method is conceptually clear, easy to explain, and perhaps the only universal
method to quantify model output uncertainty (Metropolis, 1987; Helton and
Davis, 2003; Stefanou, 2009). However, MCS efficiency is highly dependent
on the amount of samples required to converge to reliable output distributions.
In this paper, even the low-fidelity model (see section 4.2.5) has a runtime of
several hours. Therefore, it is essential to reduce the number of samples. The
main disadvantage of randomly drawing a MCS sample is that the sample is not
necessarily uniform over the parameter space. Therefore, unsampled regions
(gaps) and regions where many points are close together (clusters) may appear.
To account for this, the required sample size needs to be large to make sure
all regions are sampled. Various alternative sampling methods have been developed that increase convergence and thereby decrease the required sampling
size. Among those are low-discrepancy sequences, which are non-random se-
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quences of points that minimise gaps and clusters relative to simple random samples. MCS using such low-discrepancy sequences is called quasi-random monte
carlo (Saltelli et al., 2008). Here, we use a quasi-random approach using the
low-discrepancy Sobol’ sequence (Sobol’, 1967; Joe and Kuo, 2008), which has
demonstrated superior convergence over simple random sampling (Morokoff
and Caflisch, 1995; Saltelli et al., 2008). The sample size is increased until convergence is observed. Finally, the entire ensemble of low-fidelity models is run.

4.2.5

Uncertainty quantification of the high-fidelity model output

4

Figure 4.3
Visual example of using the transfer function (visualised by the blue gradient) to map a single low
fidelity model output (depicted by the red star on the horizontal axis) to a range of possible highfidelity values (depicted by the red distribution function on the vertical axis)

High-fidelity subsample
In the previous step (4.2.4), a full quasi-random MCS sample was constructed and ran with the low-fidelity model. An identical sample can be constructed for the high-fidelity model, such that each member of the high-fidelity
sample has the exact same values for all input and parameter values of the corresponding low-fidelity member. However, only a limited number of high-fideliy
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members needs to be evaluated to infer the transfer function (in section 4.2.5).
To construct the high-fidelity subsample, we sort the low-fidelity model outputs for total channel siltation in increasing magnitude. Accounting for the large
range in model output, we use the common (base 10) logarithmic transformation of the model output. Next, we divide the range between the minimum
and maximum siltation volumes in m strata. The width of these strata are nonweighted with respect to sample density. Instead, the widths are uniform to
provide support points over the entire range, to improve inference of the transfer function. We randomly draw a single sample from each stratum. If a stratum
contains no sample points, it is left empty. Therefore, the realised subsample can
be smaller than the number of strata. Finally, the subsample ensemble is run with
the high-fidelity model.
Transfer function

4

The purpose of the transfer function is to transform the low-fidelity output
to high-fidelity model output. Evidently, this relationship is unknown a-priori
and needs to be inferred from the available evidence. Here, the evidence consist
of the subsample, detailed in the previous section, which was evaluated with
both the low-fidelity and high-fidelity model.
Before we continue, the (sub)sample is prepared to improve inference. To
compensate for the large range of siltation rates, we perform all computations
on common-logarithmically transformed output variables. After that all data
was shifted to the origin. Such data preparation is considered common-practice
in data-driven modelling to improve inference (Solomatine and Ostfeld, 2008).
The transfer function is defined as:
y = f(x) + ε

(4.1)

with x the transformed low-fidelity model output, y the transformed highfidelity model output, additive noise ε and f the functional relationship between
x and y. We do not assume a specific functional form of the relationship, such as
a linear or polynomial model. Instead, the form is considered unknown a-priori
and is inferred from the results. Here, we use the Gaussian Process (GP) model,
which has a demonstrated ability to generalise small data sets better than other
regression methods (Aye and Heyns, 2017). The GP model is defined as:
f(x) ∼ GP(m(x), k(x, x′ ))

(4.2)

with mean function m(x) and covariance function k(x, x′ ). We assume a homoscedastic Gaussian error term such that ε ∼ N (0, σ2ε ). The mean function
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is zero everywhere and the covariance function k is described by a radial basis
kernel:


(x − x′ )2
′
2
k(x, x ) = σf exp −
(4.3)
2ℓ2
with scale factor σf , length scale ℓ and a random input pair x, x′ . The model
parameters of (4.1), also referred to as hyperparameters θ = [σf , ℓ, σ ε ], are unknown and must be estimated from the given evidence.
The inference is based on the posterior distribution of the parameters (i.e.
after evidence has been taken into account) computed by Bayes’ rule:
p(θ|E, M) ∝ p(E|M, θ)p(θ)

(4.4)

According to Bayes’ rule, the posterior distribution p(θ|E, M) of the hyperparameters θ arises from a prior distribution p(θ) (i.e. before we have seen evidence) and the likelihood p(E|M, θ) of the evidence E given the model M and
the hyperparameters. The likelihood is Gaussian: p(E|M, θ) = N (f(x), σ2ε I),
resulting from the assumption of a Gaussian error term in (4.1). The prior distributions are defined as follows: we impose a Gamma prior Γ(α = 2, β = 1)
on ℓ, a Half-Cauchy prior with scale 5 for σf and a Half-Cauchy prior with
scale 25 for the variance of the additive error σ ε following Gelman (2006). The
actual inference to find the posterior values for θ is done by maximising the log
of the posterior (p(θ|E, M)) using standard optimisation techniques. The resulting parameter set is known as the maximum a posteriori (MAP) estimates θMAP .
Here, we use the Broyden-Fletcher-Goldfarb-Shanno optimisation algorithm,
following Salvatier et al. (2016).
High-fidelity uncertainty quantification
With the multifidelity transfer function we can map the low-fidelity MCS
ensemble to the high-fidelity output space. However, since the transfer function is probabilistic, this mapping is different each time it is performed, within
bounds prescribed by the transfer function. Therefore, the estimated highfidelity model output is different each time the mapping is performed. A visual
example of this is shown in Figure 4.3 for a single low-fidelity value. By repeating this many times for each value in the low-fidelity MCS output, various
estimates for the high-fidelity MCS output are generated. For each of these outputs, an empirical cumulative distribution function (cdf) is computed. Therefore, we obtain not a single high-fidelity cdf, but instead a probabilistic (uncertain) description. This uncertainty about the true, but unknown, high-fidelity
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cdf is referred to as the estimation uncertainty or ECI (Berends et al., 2018),
and is described by the mean high-fidelity cdf function and the 95% confidence
bounds.

4.3 Results
4.3.1

4

Selection of uncertain input parameters

For each of the five stochastic variables the values were consecutively changed
to values representing the 10 and 90 percentiles, keeping all other variables constant. After each model evaluation, the total siltation in the navigation channel
was noted. The results are shown in Table 4.2. The range between the model
output for the 10 and 90 percentiles provides a measure for the (local) sensitivity
of that variable.
For both the low- and high-fidelity models, Hs has the highest range in total
channel siltation. Parameters n and τ c follow, with ranges that are between 56%
to 78% respective to the range of Hs . In both models, the range of Q and ws are
very small compared to that of Hs (2.6% to 5.7%). Overall we conclude from
Table 4.2 that the total predicted siltation in the channel is significantly lower in
the low-fidelity model compared to that of the high-fidelity model. However,
the trend between the various parameters between both low- and high-fidelity
models is consistent, with the same three parameters (Hs , n and τ c ) showing
the highest siltation ranges. Based on these results we select Hs , n and τ c as the
uncertain input parameters for this particular system, and keep Q and ws at their
mean values.

4.3.2

Total siltation in the navigation channel

A total of 1000 model runs was performed with the low-fidelity model. At various sample sizes an empirical cumulative density function (cdf) was computed
based on the log-transformed siltation in the total channel. The values representing the cdf percentiles was monitored for convergence. Figure 4.4 shows
that reasonable convergence was observed for a sample size greater than 650.
We then drew a subsample of 100 strata, containing 82 members where each
member represents a single draw from the stochastic variables (Hs , τ c , n). For
each member in the subsample we evaluated the high-fidelity model.
In both models, the siltation values of all cells within the approach channel
were summed. Therefore, the results for the high-fidelity model are based on
results from more, but smaller grid cells compared to the low-fidelity model.
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Table 4.2
Results of the sensitivity screening of five stochastic variables for the 10 and 90 percentiles as well
as the range between these percentiles. All values represent total daily siltation in the channel in
millions kg

Reference
Hs [m]

n [sm−1/3 ]

Q [m3 s−1 ]

τ c [Nm2 ]

ws [ms−1 ]

10%
90%
range
10%
90%
range
10%
90%
range
10%
90%
range
10%
90%
range

Low-fidelity
0.8
0.6
9.4
8.7
0.4
4.1
3.8
0.9
0.6
0.3
2.7
0.4
2.3
1.1
0.6
0.5

High-fidelity
2.2
0.7
58.6
57.9
0.4
21.6
21.2
2.5
1.0
1.5
13.3
0.5
12.8
3.6
1.6
2.0

Figure 4.4
Convergence of the low-fidelity MC sample for various percentiles (solid green) and the 2.5% and
97.5% percentiles (dashed black). Convergence is expressed as the relative discrepancy of percentile
value with respect to the value at a MC sample size of n=1000

4
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The left panel in Figure 4.5 shows estimation of the relationship between the
low-fidelity and high-fidelity model output. The probabilistic nature of the
transfer function is visualised by the shaded area, with dark colours showing
regions of higher probability. The 95% percent estimation confidence interval (ECI) is plotted with dashed black lines. The subsample used for training
the transfer function is shown as black dots. Each dot represents a run with
identical input and parameter values, evaluated with both models. Finally, the
identity line is drawn to accentuate differences between the high-fidelity and
low-fidelity model.

4

Figure 4.5
Total daily siltation in the navigation channel [kg]. The left panel shows the relationship between the
low- and high-fidelity model output. The shaded area visualises the multifidelity transfer function,
with dark colours regions of higher likelihood. The right panel shows the low-fidelity and estimated
high-fidelity cumulative density functions.

Results show that the high-fidelity model predictions are higher than the
low-fidelity model for the entire subsample. Even on the logarithmic scale, the
relationship is non-linear and noisy, which is captured by the transfer function.
The discrepancy between the high- and low-fidelity model output is smallest
at the extreme ends of simulated siltation, and highest in between. Both models
show a similar minimum daily siltation rate. The subsample dots show possible
heteroscedatic (i.e. non-constant) error variance with relatively higher variance
between 1 · 106 and 2 · 106 . This is not captured by the transfer function, which
assumed homoscedastic variance. The effect of this and possible improvements
are discussed in section 4.4.
The right panel of Figure 4.5 show the cumulative density functions of the
low-fidelity model output in solid red. The high-fidelity model output cdf,
estimated through the multifidelity transfer function, is shown in solid black.
The uncertainty of this estimation is indicated by the thin dashed black lines,
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which represent the 95% estimation confidence interval (ECI). This ECI range
is the result of the uncertainty in the transfer function, shown by the shaded area
in the left panel of Figure 4.5. The uncertainty of the multifidelity estimation
as shown by the ECI, is small compared to the total uncertainty of the model
output.
The right panel of Figure 4.5 shows that the discrepancy between the lowfidelity cdf and the high-fidelity cdf is high, with an order of magnitude difference between the values associated with the cdf percentiles. Overall, the lowfidelity cdf is skewed with respect to the estimated high-fidelity cdf. This is an
indication that the physical processes resulting in high siltation are underestimated by the low-fidelity model. This results in a relatively higher probability
density for lower siltation rates in the low-fidelity model. This is more evident
in Figure 4.6. All pdfs were estimated from model output using kernel density
estimation with a Gaussian kernel. This figure shows that the estimated highfidelity pdf is slightly bi-modal. The second mode around 3 · 107 kg may be
associated with physical processes that lead to higher siltation rates, and which
are underestimated by the low-fidelity model. The asymmetric shape of the
pdf also results in a significantly higher expected (mean) daily siltation than the
median daily siltation. In this particular case, the median daily siltation (0.5 exceedance probability in Figure 4.5) is approximately 3.6 million kg. However,
the mean (expected) daily siltation is approximately 26 million kg.

Figure 4.6
Probability density function of the low-fidelity model (red) and ten random realisations of the highfidelity model (gray).
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4.3.3

Estimation of siltation patterns
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Figure 4.7
Siltation patterns in the approach channel. The channel has a total length of 22 km and extends into
the river for about 2 km.

Total daily siltation in the channel is an important design parameter to quantify expected dredge volumes. However, the distribution of siltation over the
channel is often non-uniform. Limits on navigation are determined by individual channel sections not meeting the required navigation depth. Therefore, we
applied the procedure detailed in section 4.2 to multiple locations in the channel. First, we downscaled the high-fidelity model results to the low-fidelity
grid by cubic interpolation of the siltation rates. Next, we inferred a separate
multi-fidelity transfer function for each grid cell in the approach channel and
estimated their high-fidelity cdf.
Figure 4.7 shows the expected siltation in the high-fidelity model for each
(low-fidelity) grid cell in the approach channel. The siltation value in each cell
is normalised by the maximum siltation in the channel, such that bright colours
show region of high siltation, while dark colours show regions of low siltation.
We repeated this for various percentiles of probability. For example, the upper map in Figure 4.7 shows daily siltation corresponding to the 5% cumulative
probability in each grid cell. The upper four maps, covering the lower 35% of
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the cdf, are associated with lower siltation rates. They show very similar siltation patterns, with the bulk of siltation occurring in the landward side of the
approach channel. Conversely, the upper 35% of the cdf shown in the lower
four maps, show major siltation occurring in the coastal zone.
It is likely that different physical processes drive these distinct siltation patterns. In the fluvial zone, siltation is driven by velocity gradients at the interface
between approach channel and river bed. The sudden transition between the
relatively shallow river and relatively deep navigation channel causes a net siltation at the beginning of the channel. Model output shows that, due to refraction,
the significant wave height within the channel is much smaller than without. As
a consequence, the higher wave-induced setup in the surf zone surrounding the
channel leads to wave driven littoral transport towards the navigation channel
from both the north and south direction. This results in net siltation near the
river mouth and bordering the surf zone.

4.4 Discussion
4

Figure 4.8
Convergence of the ECI width at the log-transformed 2.5% and 97.5% percentile values using MAP
(dashed black lines) and MCMC (solid magenta lines) estimates for the hyperparameters.

The multifidelity approach presented in this paper enables uncertainty quantification with high-resolution models for cases in which direct Monte Carlo
simulation would be infeasible. This efficiency comes at the cost of precision in
the sense that the ‘true’ high-fidelity model output uncertainty is stochastically
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approximated. The implication of this is that a formal, deterministic two-way
relationship is not achieved.
In earlier studies, the true high-fidelity model output uncertainty was found
within the estimation confidence interval (ECI), for both linear (Berends et al.,
2018) and non-parametric (Koutsourelakis, 2009; Biehler et al., 2015) transfer
functions. The quality of the approximation depends on the suitability of the
low-fidelity model, the suitability of the transfer function and the number of
evaluations with the high-fidelity model. First, the low-fidelity model should
show reasonable correlation with the high-fidelity model. This correlation may
be nonlinear, as was encountered not only in our case but also in other fields
(Koutsourelakis, 2009; Biehler et al., 2015). Low correlation can be recognized
from a high variance of the residual error (in this paper modelled by σ ε ). In
general, low correlation will result in higher, and possibly unacceptable, estimation uncertainty. In this study we made a number of simplifications based on
experience or experimental data, such as a constant fall velocity ws and uniform
sediment. We note that including processes not present in this particular case,
such as flocculation, may increase complexity, it does not necessarily complicate multifidelity uncertainty estimation as long as those processes are present in
both fidelities. In general, the suitability of the low-fidelity model depends on a
large decrease in computational time, while retaining as much correlation with
the high-fidelity model as possible.
Second, the correlation should be adequately modelled by a transfer function. In our case study, we observed non-linear correlation, which we have
modelled with a Gaussian Process (GP) model. A GP offers a non-parametric
way to stochastically model the relationship between the low- and high-fidelity
model output. The GP model formulation requires making a choice for the
mean and covariance functions. The assumption of a zero mean function, as we
have made in this paper, is commonly made if there is no evidence to justify
another assumption (Rasmussen and Williams, 2005). For the covariance function we used the radial basis kernel — also termed the exponential quadratic
or Gaussian kernel. This kernel type is useful on the assumption of a smooth,
non-periodic relationship between the predictor and response. Given that both
models are based on the same basic, physical, assumptions, we expected a smooth
relationship a priori. An additional consideration is the need to cope with a
small subsample size. In our study, we found that the radial basis kernel was
able to model the transfer function without overfitting on the limited subsamples. In our tests with other kernels, we found the exponential kernel k(x, x′ ) =
exp(−(x−x′ )2 /2ℓ2 ) to be much more sensitive to overfitting. Despite a smooth
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relationship, the left panel of Figure 4.5 show indications of heteroscedasticity.
This might be fuelled by the two competing physical processes, with the region
of increased variance representing equivalent siltation by both processes. Further improvement in future work may focus on finding a transfer function able
to capture this behaviour better, even at low subsample size, to decrease the ECI
and improving the high-fidelity uncertainty estimation.
Third, the precision of the estimation (i.e. range of the ECI) can be increased
by increasing the number of high-fidelity model evaluations. Conversely, if
concessions can be made on the precision of the estimation the number of highfidelity model evaluations may be minimised. This allows for a trade-off between available computational resources and precision of the estimated highfidelity uncertainty. However, we note that the method for estimation of the
hyperparameters of the transfer function cannot be used at much lower sample
sizes. In this paper, we used a subsample size of 82 high-fidelity samples. At
very small subsamples we found that the maximum a posteriori (MAP) optimisation, used in this study to estimate the posterior values of the hyperparameters
in the transfer function, may produce biased results, possibly from the optimisation algorithm being stuck at a local optimum. Therefore we recommend a
Markov chain Monte Carlo (MCMC) algorithm for smaller (here, m < 40)
subsamples. MCMC algorithms estimate the full posterior distribution, instead
of finding an optimal set of hyperparameters. In our tests, we found that the NoU-Turn sampler (NUTS, Hoffman and Gelman, 2014; Salvatier et al., 2016) is
able to efficiently sample from the posterior distribution, although at a higher
computational cost than MAP. A convergence comparison between MAP and
MCMC (using NUTS) is shown in Figure 4.8. We found that both methods
converge to the same posterior distributions.
We foresee at least two use cases that may benefit from the approach reported in this paper. The first case is the iterative design that is typical in engineering studies. During the feasibility and design phases, an approximation of
the model uncertainty can inform design decisions, even though a full Monte
Carlo simulation for each design iteration is unlikely to be feasible or desirable. A full, direct Monte Carlo simulation may still be conducted for the final
design. The second case is to enable, through approximation, uncertainty quantification in situations for which this would now be infeasible due to limited
resources. Given signs that the complexity of models increases at the same rate
as the general increase in computational power (Castelletti et al., 2012), this case
is expected to stay relevant for future situations, as well.
For both cases, the added benefit of approximation over direct Monte Carlo
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depends on the efficiency of the multifidelity method over direct Monte Carlo.
This efficiency depends on three variables. First, the relative runtimes of the
low- and high-fidelity model. Second, the size of the MC sample and subsample
and third, the computational time to estimate the high-fidelity cdf with the
multifidelity transfer function. If these are known, the efficiency (reduction of
the computational cost) can be quantified following E = 1 − (mTh + nTl +
Ts )(nTh )−1 , where Th is the runtime of the high-fidelity model, Tl the runtime
of the low-fidelity model, Ts is the time needed for the estimation procedure,
n the model runs in the full MC sample and m the subsample size. In general,
the efficiency is case-dependent. In this study, the runtime of the high-fidelity
model was in the order of days (Th ≈ 48h), the runtime of the low-fidelity in the
order of hours (Tl ≈ 3h), while the runtime of the estimation procedure is in the
order of minutes. The efficiency for the case studied in this paper (n = 1000,
m = 82, and a negligible runtime of the estimation procedure), is therefore
approximately 85%.

4

4.5 Conclusions
In this study we presented a multifidelity method to efficiently quantify the uncertainty of siltation rates predicted by a high-resolution morphodynamic model
of a port approach channel. In our idealised setup, we found a nonlinear correlation between a fast, coarse-resolution (low-fidelity) model and a detailed, but
slow high-resolution (high-fidelity) model. This was attributed to an underestimation of channel siltation close to the surf zone by the low-fidelity model. By
modelling this nonlinear correlation with a Gaussian process, we were able to
reconstruct the asymmetrical probability density function of channel siltation of
the high-fidelity model. Spatial patterns of channel siltation were subsequently
generated by repeated application of the transfer function and revealed two general regions of siltation. The multifidelity approach has three main advantages
compared to other approaches. First, the reduction of high-fidelity model runs
results in a significant decrease in the the computational costs of uncertainty
quantification. In our case, the computational costs were reduced by 85% compared to Monte Carlo simulations with only the high-fidelity model. Second,
the application is conceptually straightforward and requires no changes to existing model code. Finally, the approach is scaleable with regard to the available
computational resources; less high-fidelity model evaluations result in higher
estimation uncertainty (ECI), but this might still be useful depending on the application. The precision of the estimated high-fidelity uncertainty does not only

MULTIFIDELITY ANALYSIS FOR CHANNEL SILTATION

depend on the number of high-fidelity model evaluations, but also on the suitability of the low-fidelity model and of the transfer function. Therefore, a careful analysis of correlation and convergence is recommended when applying this
method. If so applied, the presented approach supports probabilistic morphodynamic analysis while allowing a trade-off between available computational
resources and required precision of the output probability density function. We
conclude that the presented multifidelity framework is a potential powerful alternative to conventional Monte Carlo methods for uncertainty quantification.
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Abstract
Vegetation is a key source of flow resistance in natural channels and floodplains.
Therefore, it is important to accurately model the flow resistance to inform
decision makers and managers. However, it is challenging to predict the resistance
of real vegetation, because vegetation models are based on relatively small-scale lab
experiments with mostly artificial vegetation. Experimental tests of real vegetation
under field conditions are scarce. The purpose of this study is to measure the flow
resistance of a submerged willow patch, where small herbaceous vegetation was
allowed to grow in between the willow stems. Detailed flow velocity measurements
were performed during an unscaled experiment of flow around a submerged patch
of willows. We demonstrate that the parameter values of the vegetation model, as
well as the roughness coefficients of rest of the channel, can be computed using
probabilistic inverse modelling with a 2D hydrodynamic model. Result show that
the estimated roughness coefficients of the non-vegetated bed are affected by
the presence of the patch, which demonstrates the added value of estimating all
coefficients at the same time and the same location.Analysis of the flow results show
that the presence of herbaceous vegetation growing between the willows greatly
affects the overall resistance of the patch. After removal of this undergrowth, flow
velocities in the patch increased and deflection of the vegetation canopy decreased.
We argue that stick-based estimators of vegetation friction are ill-suited for field
conditions. Proposed extensions to existing vegetation models, which can take into
account undergrowth and reconfiguration, could be tested under field conditions
using the approach followed in this paper.
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5.1 Introduction

VEGETATION IN RIVERS AND STREAMS is one of the largest sources of flow
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resistance (Luhar and Nepf, 2013) and an important source of uncertainty in
hydrodynamic models used for flood management (Warmink et al., 2013b) and
river engineering applications (Berends et al., 2018). The presence of vegetation affects the morphological evolution of rivers (Van Oorschot et al., 2015),
biodiversity (Straatsma et al., 2017), and water quality (Dosskey et al., 2010).
Therefore, a good representation of vegetation in computer models is important.
Advances in remote sensing and classification algorithms enable detailed maps
of the spatial distribution of vegetation (Geerling et al., 2009; Forzieri et al., 2011;
Hodges, 2015). The local effect of vegetation on flow is commonly modelled
through a friction term in the momentum equation. This term, also known as
roughness or flow resistance, often represents various ways of energy losses that
are not explicitly modelled. We can broadly distinguish two ways to determine
vegetative friction in field situations.
The first approach to determine vegetative friction is based on look-up tables or vegetation models. The table of typical (Manning-type) friction values
by Chow (1959) are still used to characterise the roughness of streams based on
images or descriptions of the vegetation (e.g. “light brush and trees, in winter”).
Look-up tables are a convenient way to couple remote-sensing to hydrodynamic
modelling (e.g., Forzieri et al., 2011). However, despite the widespread use of
the Manning coefficient as a lumped parameter to characterise describe roughness, the implicit assumption of the Manning equation of a logarithmic velocity
profile does not hold for vegetation (Naden et al., 2006; Ferguson, 2007). For
this reason, various (semi-) empirical models have been developed that compute
the contribution of vegetation on flow resistance based on vegetation parameters, such as stem count and plant morphology (Klopstra et al., 1997; Baptist
et al., 2007; Huthoff et al., 2007; Yang and Choi, 2010; Li et al., 2015). It has
been shown that such models perform well against a large body of data collected
from laboratory experiments (Vargas-Luna et al., 2015).
Further studies are carried out to better capture real-world vegetation dynamics such as reconfiguration (Järvelä, 2004; Dijkstra and Uittenbogaard, 2010;
Verschoren et al., 2016) and contribution of foliage (Bal et al., 2011; Västilä and
Järvelä, 2014). In practice, the vegetation parameters necessary to use these formulas should be either directly measured, or taken from a look-up table. Suc-
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cessful application of this approach to field conditions depends on the validity
of the vegetation model and the availability of data on vegetation.
The second approach to determine vegetative friction is through inverse
modelling, which involves fitting the model (in practice usually a subset of
model parameters) to measurements. It is called ‘inverse’ modelling, because the
quantity of interest is not model output, but model input (parameters). In practice, inverse modelling is used to find the values for look-up tables, because the
lumped roughness can be straightforwardly computed by inverting the Manning equation, under the assumption of steady uniform flow and a logarithmic
flow profile and a known energy slope (Marjoribanks et al., 2014). In case of
non-uniform flow, the inverted Bélanger equation can be used instead (Errico
et al., 2018).
Roughness values estimated through inverse modelling are often used as the
‘measured’ roughness to provide the experimental basis for vegetation models.
However, estimating the friction in heterogeneous real-world situations based
on the energy slope (e.g., a single vegetation patch which does not cover the entire channel), is complicated. Estimating the friction of multiple sources, based
on a single observation (the energy slope), may results in non-unique solutions
to parameter values (Beven, 2006). This problem is analogous to that of underdetermination in regression probelms, which allows an infinite number of
acceptable combinations of unknown friction factors if the parameters exceed
the available observations. This severely limits our ability to estimate the friction
values, and validate vegetation models, in real-world situations.
In cases where non-uniqueness is an issue, probabilistic parameter estimation is preferred to deterministic optimisation (Matott et al., 2009; Guillaume
et al., 2019). Formally, this is achieved through Bayesian inference, which produces probability distributions of parameter values given the (subjective) likelihood that the model, given these values, confirms experimental observation.
A well known Bayesian inference methodology is GLUE (generalised likelihood uncertainty estimation), originally developed for non-uniqueness problems in hydrology (Beven and Binley, 1992; Fonseca et al., 2014; Mayotte et al.,
2017). However, previous work has shown that estimating more than one friction source based on water levels can result in unidentifiable parameter distributions, which are characterised by wide and unconstrained shapes (Werner et al.,
2005b). To increase the identifiability of parameter distributions other observational data can be used, such as inundation patterns (Pappenberger et al., 2005).
Hypothetically, detailed velocity measurements around vegetation patches can
serve a similar function to estimate flow resistance using GLUE. However, the
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Figure 5.1
Left: Photo of the A1 experimental flume (left) with the adopted coordinate system. Right:
schematic cross-section at the location of the first patch (cross-section D3)
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literature on flow data around real-world vegetation patches are scarce (Naden
et al., 2006; Marjoribanks et al., 2017), and comparisons between laboratory and
field in general are rare (Huthoff et al., 2013; Groom and Friedrich, 2018).
In this study, we perform detailed velocity measurements of an unscaled
flow experiment through real vegetation. Our aim is to estimate the parameter values of (vegetation) roughness equations in a two-dimensional hydraulic
model, using Bayesian inference. We then compare the parameters found with
Bayesian inference to prior expectation based on field samples and to study discrepancies. In particular, we are interested in the effect of understory growth
(undergrowth) on the overall rougness of vegetation. Our study is positioned
the context of large scale simulations that use detailed maps of vegetation distribution (such as Straatsma and Huthoff, 2011; Forzieri et al., 2011; Warmink
et al., 2013b; Van Oorschot et al., 2015; Berends et al., 2019), and therefore limit
this work to a two-dimensional, depth-averaged model.

5.2 Methods
5.2.1

Physical experiment setup

Large-scale experiments were performed at the site of the KICT-REC (Korea Institute of Civil Engineering and Building Technology River Experiment
Center), which is located in the city of Andong, South Korea. This facility is designed for unscaled physical experiments and consists of three separate channels
of various slope and sinuosity. Large capacity pumps can generate the maximum
flow rate up to 10 m3 s−1 . The length of each channel is approximately 600 m.
The experiments for vegetated flow were performed in the downstream section of the “A1” channel, which has a trapezoidal cross-section with a bottom
width of 3 m, top width of 11 m, bed slope of 0.001 m/m and bank-side slope of
roughly 1:1.5 (V:H), as shown in Figure 5.1. The bankside slopes of the channel
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are vegetated with grasses and small annuals native to the region. The channel
bed consists of sandy materials with a mean particle size of 0.8 mm.
Seven alternating willow patches, each with a length of 4 m and width of
1.5 m, were planted in the 52 m section of A1 channel which was located about
125 m upstream from the downstream weir and 400 m downstream from the
upstream weir. The patches were planted in two configurations: the four most
upstream patches in a dense configuration of 22 trees per m2 and the three downstream patches in a sparse configuration of 7.3 trees per m2 . The willow saplings
were allowed to grow at the site for 10 months before the experiments started in
August 2015. The average height of rooted willows was 0.4 m when they were
planted, with an initial diameter of 1 cm. In addition, indigenous small scale
rough herbaceous vegetation and grasses were allowed to grow on the bankside slopes of the channels. The bed itself was relatively unvegetated and mobile. Herbaceous vegetation had also spontaneously developed in between the
willows in the vegetation patches. After the flow experiment, vegetation samples are taken to measure the height, diameter and morphology of the willows.
Multibeam measurements were performed to measure bed levels in the experimental area.
The flow measurements were taken after uniform, steady flow was achieved.
The water depth in the channel downstream was fixed to approximately 1.1
m. Detailed three-dimensional velocity measurements with an ADV (Acoustic
Doppler Velocimeter) were performed in the middle and 4 meter upstream of
the first dense patch (at D3, figure 5.2). Both the discharge and the depthaveraged flow velocity profile are derived from the ADV measurements. We
gathered data from three cases: (i) flow measurements at the upstream crosssection D0, (ii) flow measurements in the centre of the first willow patch, D3,
(iii) and finally flow measurements at D3, but with the undergrowth removed
(figure 5.2). We will refer to these cases as D0, D3a(willows and undergrowth)
and D3b (only willows) respectively. For case D0 and D3a ADV measurements
were carried out every 30 cm, for a total of 23 locations in Y direction. For D3b
a lower resolution was used of 60 cm, for a total of 12 locations in Y direction.
In the vertical direction, a measurement was carried out every 5 cm. For D3a a
vertical resolution of 2.5 cm was used in the vegetation patch.

5.2.2

Numerical experiment setup

A digital twin of the experimental flume was constructed with the Delft3D
modelling system (Lesser et al., 2004), using a two-dimensional, regular, nu-
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Figure 5.2
Top: Photograph of the experimental setup taken from the top. Bottom: layout of experimental
channel and location of the D0 and D3 cross-sections.

5

merical computational grid of 15 by 171 meter. The size of individual grid cells
is 0.5 m (in flow direction) by 0.375 m with bed levels defined in the centre of
each cell. The upstream boundary was given by a constant discharge, which was
determined from ADV measurements, while the downstream boundary condition is given by a constant water level to ensure a downstream water depth of
approximately 1.1 m. The model is initialised with a constant water level. Each
simulation ran for a simulated 30 minutes with a time step of 0.3 s. The run
time was chosen such, that the entire model achieved equilibrium condition at
the last time step. The scale of the model, given the relatively short run time,
small water depths, fine grid and small time step - requires changing some default numerical and physical parameters. We used a smoothing time of 2 min,
a threshold depth for flooding/drying of 1 cm. The horizontal eddy viscosity was constant throughout the model and set at 10−2 m2 s−1 . To be able to
capture the sharp velocity gradients around the patches low viscosity values are
recommened (Vionnet et al., 2004; Verschoren et al., 2016). In the experimental area, the geometry data was based on the multibeam measurements of the
experimental setup. For regions not covered by the multibeam measurements,
a synthetic cross-section was defined.
Bed friction was defined using four distinct roughness classes, two for the
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willow patches (dense and sparse), one for the vegetated channel slopes and one
for the mobile sand channel bed. Each individual class, is assigned its own roughness formula and friction parameters. Every grid cell boundary was assigned one
of these four classes. All friction formulas are expressed in terms of the Chézy
friction coefficient C [m1/2 s−1 ]. For the channel bed we use the Manning friction formula:
C = h1/6 n−1
b

(5.1)

with water depth h [m] and Manning coefficient nb [sm−1/3 ]. The Keulegan
equation (also known as the White-Colebrook equation) was found to be best
suited to reproduce the depth-averaged velocity on the channel slopes:


h
C = α1 log10 α2
ks

(5.2)

with Nikuradse roughness height ks [m] and parameters α1 =18 m1/2 s−1 , α2 =12.
The values of both nb and ks are determined with GLUE.
There are various models to resolve vegetation friction. Here, we use the
two-layer approach of Baptist et al. (2007), which performs favourably against
laboratory experiments (Vargas-Luna et al., 2015), and is generalised as follows:
C = (C−2
b +

√
g
h
φ −1
) 2 +α
ln
2g
κ
hd

(5.3)

with the Chézy friction coefficient of the bed without vegetation Cb , vegetation
parameter φ [-], gravitational acceleration g [ms−2 ], von Karman constant κ,
deflected vegetation canopy height hd [m] and indicator α = 0 for emergent
conditions (h < hd ) and α = 1 for submerged conditions (h > hd ).
The dimensionless vegetation term φ models the contribution of vegetation
to the total friction of the vegetated part of the cross-section. In the original
formulation of Baptist et al. (2007), it is computed as φ = cD mDhv , with drag
coefficient cD [-], stems per square meter m [m−2 ], stem diameter D [m] and
vegetation height hv [m]. This ‘stick model’ for φ is ideally suited for vegetation
that may be approximated as rigid cylinders.
A fixed value for hd was used, which is estimated from measurements. Furthermore, we assume that the friction in the patch is dominated by the vegetation and that the bed term has a neglible impact. Therefore we choose a constant
value of Cb at 60 m1/2 s−1 , which leads to negligible addition to the total roughness. The vegetation parameter φ is considered unknown, and estimated with
GLUE.

5
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5.2.3

GLUE method

The set of unknown parameters in the numerical experiment is given by θ =
{nb , ks , φ}, i.e. the friction coefficients of the channel bed and slope and the
vegetation parameter. The problem considered here is how to choose the values
for parameters in such a way, that the measured flow velocities are reproduced
by the flow model. While an optimal set of values may be found using one of
various optimisation strategies available in literature, Beven (2006) argued that
multiple parameter sets may well be found that all produce acceptable results.
This creates uncertainty regarding the parameter values thus obtained through
inverse modelling. The added benefit of GLUE above regular calibration procedures is that this uncertainty is formally taken into account. To achieve this,
GLUE uses Bayesian inference, in which (usually very limited) prior knowledge
about the parameter values is updated given the probability that those parameter
values resulted in model output that compared favourably with measurements.
This is technically achieved through Bayes’ theorem:
p(θ|u) ∝ L(u|θ, ε)p(θ)

5

(5.4)

where ε is the error between modelled and measured flow velocities and u measured flow velocities. The prior distribution p(θ) that encodes our prior assumptions of probable parameter values for parameter set θ. The posterior distribution
p(θ|u) is our goal, because it expresses the probability of parameter values in θ
after having seen the measured flow velocities u. The likelihood L(u|θ, ε) is a
function of the model (θ, ε) and observations (u), and represents the probability
of u given θ and ε.
To determine the functional form of the likelihood we need to assume a
statistical relationship between observed and modelled flow velocities. Here, we
relate the measured flow velocity vector uc at cross-section c to the simulated
flow velocity ûc,y (θ) as follows:
uc,y = ûc,y (θ) + εc

(5.5)

where εc is a normal and independently distributed error term with variance σ2ε ,
i.e. εc ∼ N (0, σ2ε ). As is commonly done in GLUE applications, we adopt a
uniform prior distribution for each parameter. The upper and lower limits of
each distribution are determined by exploratory computations with the model.
For our adopted error model (5.5), the corresponding likelihood function is:
2 !
uc,y − ûc,y (θ)
2 −1/2
L(θ, u) = (2πσ ε )
exp −
(5.6)
2σ2ε
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The unknowns in the inverse problem are both the model parameters θ and
the variance of the residual errors σ2ε . To estimate σ2ε we use the maximum
Pn
likelihood estimate σ2ε,MLE = n−1 i=1 (ui − uMLE
)2 , with n the number of
i
MLE
observations and ui
the model results for the best performing parameter set
(Stedinger et al., 2008). Since the likelihood function returns the probability of
the observed flow velocities given the model results evaluated with a given parameter set θ, model results that deviate significantly from observations will return likelihoods approaching zero. The likelihood function used here is formally
derived from the adopted statistical model (5.5). We note that GLUE allows for
great flexibility in choosing from a variety of informal likelihood functions as
well, which need an additional behavioural threshold to differentiate between
behavioural and non-behavioural parameter sets. Since (5.6) tends to zero for
very improbable parameter sets, such a behavioural threshold is not needed here.
The posterior parameter distributions, are obtained through Monte Carlo
simulation using the Sobol‘ low discrepancy sequence (Sobol’, 1967). We sample from the prior distributions to create a large number of possible parameter
sets. Here, we use a sample size of 5000 model evaluations, with each evaluation
using a different, randomly sampled set of parameter values. The same ensemble is used for cases D3a and D3b, using the value for hd derived from case D3a.
Afterwards, the ensemble values of φ for D3b are corrected to account for a different height of the deflected vegetation canopy. The probability distribution
for the parameter vector θ is obtained by application of Bayes’ theorem. This
procedure gives us two valuable sources of information on uncertainty related to
model and observation. First, the estimate of σ2ε , or the ‘predictive uncertainty’.
This is the residual variance between model and measurement, which cannot be
explained by choosing different parameter settings. The second is p(θ|u), i.e.
the posterior parameter distribution or ‘model uncertainty’. This expresses the
uncertainty in the parameter values, given the measurements.

5.3 Results
5.3.1

Flow measurements

Based on the ADV measurements, the flow fields covering the vertical (Y,Z)
plane were constructed. To compute discharge from velocity measurements,
it is usually required to assume a velocity profile (e.g. logarithmic, see Boiten,
2000). However, due to the irregular flow profiles expected in the flow through
vegetation and the density of velocity measurements, we instead linearly inter-
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polated points in between the ADV support points to a regular, cross-section
covering grid, while assuming zero flow velocity at the bed (figure 5.4b, d, f ).
The total discharge was then computed by summing the product of the grid cell
area. We found a discharge of 2.91 m3 s-1 (D0), 2.66 m3 s-1 (D3a) and 2.54 m3 s-1
(D3b). The differences are attributed to uncertainty in flow velocity measurements and interpolation uncertainty.
The measurements at the unvegetated cross-section D0 show that the depthaveraged flow is low on the slopes and increases toward the centre of the channel,
reaching about 0.5 ms-1 (Figure 5.4a). At the the right hand side of the channel
(y = 6 m) a local increase in flow velocity is measured. Given that the high
velocities are consistently measured by different ADV devices, we do not expect
malfunction. We did therefore not reject these measurements, but leave it to
the numerical model to explain whether these measurements are expected. We
use the discharge at D3a as the upstream boundary condition in the numerical
model.
Two series of measurements were done for the cross-section in the willow
patch (D3); one for the natural situation including organic debris and undergrowth (D3a) and the other for which the patch was cleaned (D3b).
Analysis of measured flow velocities for D3a revealed that one ADV measurement device returned near-zero results for all flow depths, suggesting malfunction. Measurements from this device (at Y = 6.4 m), were discarded from
the results. Similar to D0, a region of higher flow velocities was observed at
the right hand side of the patch near the water surface. In the patch itself, both
the flow field (figure 5.4d) and the depth-averaged results (figure 5.4c) show
smaller velocities. However, the flow velocities near the water surface are similar to the unvegetated part of the channel, suggesting submerged flow. This
is clear from the vertical velocity profile in the patch (figure 5.3), which show
low flow velocities (< 0.3 ms−1 ) and large variation up until z = −3.4m, from
which point the velocities rapidly increase to more than 0.6 ms−1 and variation is significantly reduced. From figure 5.3, we assume that the vegetation is
deflected such that the canopy height is 0.8 m.
Case D3b — after removal of all organic debris and undergrowth — broadly
shows (figure 5.4e, f) similar patterns compared to D3a results, with some key
difference in the flow through the patch. In the vertical profile (figure 5.3)
velocities near the bed (z < −3.6m) are higher compared to D3a, which is attributed to the removed obstruction by undergrowth. For higher water depths (
z > −3.6m) velocities show an initial decrease, while the variation over the
patch increases. This is attributed to flow through the branches and leaves,
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Figure 5.3
Vertical flow velocity profile within the willow patches as function of elevation (z) The dashed line
at z=-3.4 m marks the assumed deflected canopy height for case D3a.

which add comparatively more resistance. In contrast to D3a, clear submergence is not observed. Therefore we assume that in the case of D3b, the vegetation was just-submerged, meaning that the deflected canopy height was equal
to the water depth.

5.3.2

Vegetation measurements

After the initial flow experiment (cases D0 and D3a), several samples were taken
to determine the height and diameter of the willows (Table 5.1). The stems were
measured up until the upper knot, from which point several branches sprouted.
We observed that organic debris which had attached itself around the willow
stems increased the effective diameter of the plants by 50% on average. However, the distribution was not uniform — some plants experienced a significant
larger increase in diameter while others had little attached debris. This is reflected in the increased variance of the observations. The undergrowth had an
averaged height of 29 cm and grew in between the willow stems (figure 5.5) and
consisted of various forms of herbaceous vegetation.
It should be expected that both the undergrowth and the diameter increase
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Figure 5.4
The depth averaged flow velocities at the ADV locations (a, c and d) and the interpolated flow fields
(b, d, and f) for the unvegetated case (D0), vegetated case with undergrowth (D3a) and cleaned
vegetation case (D3b).
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Figure 5.5
Willow patch before (left) and after (right) the removal of undergrowth

5

Table 5.1
Measured parameters of willows in the dense patches of the experimental setup.

Parameter
Measurements
Willow height
Stem height
Undergrowth height
Stem diameter
Stem diameter incl. organic debris
Undergrowth diameter
Branch diameter
Nr. of stems
Nr. of branches per stem

Average

st.dev.

n

Unit

1.06
0.43
0.29
10
15
4
3
22
15

±0.10
±0.01
±0.15
±3
±8
±4
±1

66
66
41
66
66
41
50

m
m
m
mm
mm
mm
mm
m-2
-
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Table 5.2
Prior distributions of model parameters

Parameter
nb
ks
φ

5

Distribution
Uniform
Uniform
Log-uniform

Lower bound
0.01 sm-1/3
0.1 m
10-2 m-1

Upper bound
0.15 sm-1/3
5m
102 m-1

due to organic debris increases the effective friction of the vegetation patch.
The expected vegetation parameter φ is estimated based on the Baptist vegetation model (φ = Cd mDhd ) and the vegetation measurements from table 5.1. To
compute φ, we assume the branch height to be equal to the willow height minus
the average stem height. Furthermore, we assume rigid bending at the bed (following Verschoren et al., 2016), such that the deflected stem and branch heights
can be computed from the deflected willow (see 5.3.1) height using standard
trigonometry. We assume a case drag coefficient of Cd = 1, which is a common
assumption for submerged flow (Wunder et al., 2011). Here, we do not account
for the effect of foliage. The estimated vegetation parameter for case D3a, i.e.
including debris, undergrowth and a deflected willow height of 0.8 m, is approximately φD3a =1.33±1.044. The large standard deviation in the expected
parameter is mainly due to the variance in the diameter of the herbaceous vegetation in the undergrowth. For case D3b, i.e. no debris, no undergrowth and a
deflected height equal to the willow height, is φD3b =0.76±0.20.

5.3.3

GLUE results

An important step of GLUE is to determine the ranges of the uniform prior distributions. These ranges should be generous, since it is important that these prior
distributions cover the range where the (a priori unknown) posterior distributions will be. Assuming a trapezoidal channel, the lumped Manning coefficient
for the given discharge and water depth is approximately 0.11 sm−1/3 . Based
on this relatively high friction factor and exploratory computations with the
hydrodynamic model, we chose suitably large ranges for the prior distributions
and a log-uniform distribution for φ (Table 5.2).
For all three parameters (nb , ks , φ) we then computed the joint posterior
distributions using GLUE. The posterior distributions give the likelihood that a
certain parameter value leads to good model results. The width of those distributions is a measure for the parameter uncertainty regarding the possible ‘true’
value of the parameters given the model and the measurements. In figure 5.6
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the marginal posterior distributions of all parameter values are shown.
The distribution of φ for D0 is very wide and does not show a clear peak (figure 5.6a). This indicates that the φ is an insensitive parameter for cross-section
D0. Therefore, φ cannot be identified from flow measurements at that crosssection. This was not unexpected, as D0 is located four meters upstream from
the first patch and is therefore not directly influenced by the patch. The other
two distributions in figure 5.6a show the values for φ that lead to good model
results for D3a and D3b. We see that D3a, which had significant undergrowth
and debris, shows significantly larger inferred values for φ compared to D3b.
The median value of 101.6 (∼39.8) is an order of magnitude higher than would
be expected based plant on parameters using the Baptist model. For the cleaned
willows, case D3b, the values are much lower, with a median value of φ = 1.56.
This is more than twice as high as was expected based on the plant parameters.
The uncertainty of the estimated parameter values for φ is significant, as can
be observed by the width of the posterior distributions in figure 5.6a and the
standard deviation in table 5.3. For case D3a especially, the values for φ vary
between 20 and 100. At such high values, the sensitivity of φ to the roughness
coefficient C is very much reduced due to the inverse square root in (5.3), which
may partly explain why such high uncertainty is found for this case.
Estimation of Manning coefficient of the channel bed nb and Nikuradse
roughness height of the slopes ks resulted in well-defined posterior distributions for all cases (figure 5.6b,c), with standard deviations around 0.01 sm−1/3
(table 5.3). Interestingly, the distributions are not the same for the three cases.
To measure the roughness of vegetation from water slope measurements, the
roughness of the bed is commonly assumed to be independent from the roughness of the vegetation (e.g., Verschoren et al., 2016). However, the results shown
in figure 5.6 suggest that the parameter values for both nb and ks are affected
by the vegetation patch. For both nb and ks , the presence of a patch (D3a, D3b)
coincides with higher parameter values. This indicates interaction between the
patch configuration modelled by φ and the estimated roughness of the slope.
Modelled flow velocities, given the posterior probability distributions of the
parameters, are compared with the depth-averaged ADV measurements (figure
5.7). The depicted uncertainty bands show the range of the model uncertainty.
Variation within the model uncertainty can be explained from uncertainty in the
parameter values. Measurements that fall outside of these bands are explained
through the residual error term ε in equation (5.5). From 5.7a we observe that
the region of higher flow velocity in cross-section D0 cannot be explained by
the numerical model. This indicates that this must be caused, either by an un-
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Estimation based on vegetation samples

(a)
GLUE posterior

(b)

5
(c)

Figure 5.6
The posterior probability distributions; these show the distribution of likely parameter values after
model results were weighed against measurements.
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Table 5.3
The number of observations n used for parameter estimation, the median and standard deviation of
the model parameters in θ and the maximum likelihood estimation of σ ε

nb
ks
φ
σ ε,MLE
n

D0
0.062 ± 0.007
0.99 ± 0.28
0.039
23

D3a
0.098 ± 0.008
2.70 ± 0.332
101.6 ± 0.2
0.024
21

D3b
0.104 ± 0.010
4.0 ± 0.44
100.19 ± 0.12
0.030 m
12

unit
sm−1/3
m
ms-1
-

modelled process or feature, or by measurement error. However, in general the
velocity profiles for all cases are well explained by the numerical model, which
is reflected in the small standard deviation of the residual error (σ ε,MLE ) for all
three cases (table 5.3).
Finally, we see that the uncertainty bands for cases D0 and D3a are comparatively small compared to the other cases, both in figure 5.7 and figures 5.6. This
is due to a higher density of ADV measurements. In general, a larger number
of measurements helps to decrease model uncertainty and increase the identifiability of the individual parameters.

5.4 Discussion
5.4.1

Identifiability of friction parameters

In this case study we identified three unknown friction parameters, related to
the channel bed, vegetated channel slopes and the willow patch. Using only
water level measurements, it is not possible to uniquely determine the values of
these parameters. Our findings show that detailed measurements of the transverse depth-averaged velocity profile, in combination with a probabilistic inverse modelling approach (here, GLUE), allows us to estimate the parameter
values and quantify the uncertainty of those estimations. The inverse modelling
approach results in two different types of uncertainty. The first is model uncertainty, which is the uncertainty of ûc,y (θ) in (5.5). This uncertainty can be
decreased by increasing the number of observations (i.e. n in table 5.3), or alternatively if a higher uncertainty is acceptable the number of observations may be
decreased. In general, “data provides information and more data provides more
information” (Stedinger et al., 2008). The second type of uncertainty is predictive uncertainty, given by εc in (5.5). This uncertainty cannot be decreased
without changing models, only more precisely estimated.
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Distance [m]
Figure 5.7
The modelled velocities (colored bands) and depth-averaged ADV measurements (markers) for the
three cases. The shown uncertainty bands convey the result of the parameter uncertainty and not
the total predictive uncertainty. Markers that fall outside these bands are explained by the model.
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In literature it is often assumed that the total roughness is constituted of a
linear sum of independent constituent terms (e.g. bed roughness and vegetation
roughness). The total roughness can be estimated without detailed flow measurements. Therefore, if the bed roughness is known (e.g. from repeating the
experiment without vegetation) the vegetation roughness can be determined.
However, our results show that the assumption of independence between the
terms would not have been valid for our study case. For both vegetated cases,
the estimated friction of the bed and the slope was higher compared to the unvegetated case. A potential explanation for this could be that turbulent and shear
stresses not sufficiently modelled by the parameterisation of eddy viscosity are
compensated by a higher bed roughness.
The estimated parameter values for φ were found to be generally higher than
was estimated based on the “rigid cylinder” estimator. This is especially true for
case D3a, where the presence of undergrowth contributes to the overall failure
of the estimator. In the cleaned case, D3b, the values are within the same order
of magnitude, although still a factor two higher compared to the stick-based
estimation. A partial explanation could be found in presence of foliage, which
in other studies is reported to account for 60% of total drag (Bal et al., 2011), as
well as unmodelled stresses in the horizontal exhange layer between vegetated
and unvegetated flow (Truong et al., 2019).

5.4.2

Uncertainty of vegetation model parameters under field conditions

In this study we used the well-known two-layer model of Baptist et al. (2007)
for submerged flow. While this model consistently compares favourable against
experimental data, application to field conditions is met with several challenges.
An important limitation of the Baptist model is that reconfiguration is not explicitly taken into account. Reconfiguration can be taken into account in the
two-layer approach by modelling two different effects. The first effect is streamlining of stems and foliage to decrease the total drag of the vegetation. This directly effects the vegetation parameter φ. The model proposed by Järvelä (2004)
can be used to account for this. It reads φ = CD,χ L( uuvχ ) χ with leaf area index
L [m], flow velocity uv [ms−1 ], constant u χ [ms−1 ] and species-specific parameters χ, CD,χ [-]. The value of the Vogel exponent χ is negative, and thus
decreases φ with increasing velocity.
The second effect of reconfiguration is deflection of the stems, which effectively decreases the height of the vegetation canopy hd . This directly modifies
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the second term in the Baptist model which account for submerged flow and,
depending on the chosen model, φ. For submerged flow, the estimation of vegetation friction is sensitive to the decrease of the vegetation canopy. This is
especially so for low submergence ratios (< 0.75) 
and high values
of φ (> 0.2),


5

φ −1/2
for which the contribution of vegetation friction ( 2g
)
and contribution
√

g
of the velocity profile above the vegetation κ ln( hhd ) to the total friction
are of the same order of magnitude. Under these conditions, assuming rigid
vegetation may lead to large errors in the estimation of vegetative friction.
The primary effect of undergrowth is an increased blockage ratio, which can
be modelled by a higher value for φ. The inherent weakness of the stick-based
estimators for φ (used by Klopstra et al., 1997; Baptist et al., 2007; Huthoff et al.,
2007; Yang and Choi, 2010) is that inclusion of undergrowth is contrived, while
neglecting undergrowth may lead to significant underestimation of the effective
roughness. Frontal blockage area estimators for φ (e.g. Västilä and Järvelä, 2017)
do not suffer from this limitation, as undergrowth would be one part of the total
blockage area. Comparing the two vegetated cases D3a and D3b, we observed
lower flow velocities and greater deflection of the stems. This may be seen as a
secondary effect of undergrowth, i.e. an increase in total drag of the patch and
therefore greater reduction in canopy height. This suggests that modelling this
type of reconfiguration does not only depend on plant-specific parameters, but
on the configuration of the entire patch, including secondary vegetation. Relatively simple predictive models, for example a velocity dependent relationship
with plant-specific parameters (Verschoren et al., 2016), are therefore likely to
include uncertainty with regard to non-plant specific drivers.
Future effort may be directed to test an extended Baptist model which include the effects of streamlining and deflection under natural conditions. To
promote identifiability, flume tests should cover a series of different discharges
and the number of parameters of the extended model should be limited. Another argument for vegetative friction models with a relatively small number of
parameters, apart from the issue of identifiability, is found in the usually datalimited problems in practice. Vegetation models with few parameters of which
the uncertainty can be quantified are perhaps better suited for larger scale field
applications than complex models which require intimate knowledge of vegetation configuration.
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5.5 Conclusions
Overall, the calibrated vegetation parameter value was found to be higher than
expected based on a priori estimations of a stick-based estimator. This is attributed to aspects of real vegetation that deviate from the rigid-stick based approach, namely foliage, undergrowth and reconfiguration. Results show that
the presence of undergrowth sharply increases the vegetation parameter φ, as
well as increase the deflection of the willows.
This paper shows that velocity measurements in natural channels can be used
effectively to estimate the parameter values of multiple sources of uncertainty
under natural conditions using inverse modelling. Results show well-defined
posterior parameter distributions and model results compare favourably to measurements. The parameter values found in the non-vegetated cross-section were
found to differ from the vegetated cross-section, which suggests that for the
given model, the presence of a vegetation patch require higher friction values in
the surrounding non-vegetated part as well. An explanation for this has not yet
been found.
Future challenges for practical application of vegetation models in large scale,
2D applications may require relatively simple models in which the presence of
undergrowth and effect of reconfiguration are taken into account. Inverse modelling of unscaled experiments has shown to be an appropriate tool to provide
the experimental basis for field validation of these models.
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6
Abstract
Large scale river engineering projects have been carried out in the Netherlands
between 1995 and 2015. The purpose of these projects was to reduce the water
level during high river discharge. In contrast to previous engineering works, which
mainly consisted of flood protection through strengthening of the dikes, these
projects focus on mitigation by spatial measures. These include dike relocation, the
construction of side channels and the lowering of groynes (spur dikes). Predictive
numerical modelling was used to help design and plan these projects. However,
the accuracy of these predictions remains untested. The purpose of this study is
to find out to what extent the predicted reduction of flood levels in the River
Waal can be verified from the observational record. To achieve this, we simulated
water levels during design discharge conditions for each year in from 1995 up to
2015.The hydraulic model for each year was constructed from an unprecedented
geographic database which documented the changes to the river system following
the Room for the River projects, as well as other autonomous changes. The actual
observed changed in water levels at given discharges was computed from available
observations using a Bayesian rating curve approach, over a period of 30 years from
1988 to 2018. Results show that the water levels display a linear downward trend
of 1-2 cm per year, which is attributed to autonomous bed level degradation. A
deviation from the linear trend, which would indicate an effect of human intervention
and which was predicted by model simulations, was not observed. Explanations for
this discrepancy between model predictions and observations are found in the
limited number of available observations at high discharges and the uncertainty
of the rating curve models. We conclude that the presently available observations
could not independently corroborate or verify model predictions.
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Figure 6.1
A selection of interventions carried out in the River Waal between 1995 and 2017

6.1 Introduction
IN JANUARY 1995, HIGH DISCHARGE on the River Rhine prompted the evac-

6

uation of more than two hundred thousand people from flood prone regions
in The Netherlands. Although flood defences ultimately held, this event was
instrumental to green-light a large scale program to revise the Dutch Rhine
branches. This program, which would become known as “Room for the River”,
consisted of 39 coordinated interventions in the river system between 1995 and
2017 (Figure 6.1). It was different from previous efforts to increase flood safety
in that the interventions did not focus on the primary flood defences (the dikes),
but on spatial interventions that increased the conveyance capacity of the system by lowering the water levels during a design discharge. Examples of such
interventions include side channels (Van Denderen et al., 2019), flow-parallel
longitudinal training dams instead of flow-orthogonal groynes (Collas et al.,
2018; De Ruijsscher et al., 2018) and other interventions (Berends et al., 2019;
Straatsma and Kleinhans, 2018). Decision making regarding the design of these
spatially complex interventions was to a large extent based on model simulations
(Klijn et al., 2013).
The credibility of model simulations is in part based on proven accuracy by
comparing model output with observations of reality. Hydraulic models used
in Room for the River were optimised (calibrated) on available observations,
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resulting in adequate accuracy under observed conditions. However, it could
be argued that historical evidence is still insufficient to claim high accuracy for
intervention design, because this requires both extrapolation to extreme discharges and extrapolation to changed conditions (Thirel et al., 2015a; Blöschl
et al., 2019).
The use of model simulations based on limited empirical support in decision
making has come under increased scrutiny at the turn of the century (Oreskes
and Belitz, 2001; Van der Sluijs, 2002). There is broad scientific consensus that
uncertainty analysis is indispensible in model-supported decision making, especially when models are used to predict the future (Jakeman et al., 2006; Uusitalo
et al., 2015; Maier et al., 2016). In literature, uncertainty quantification of river
models for extreme discharges is generally performed by propagating uncertainty in model assumptions to model output by way of Monte Carlo simulation (Straatsma et al., 2013; Warmink et al., 2013a). Uncertainty quantification
for simulated hydraulic effects of human intervention was first done by Berends
et al. (2019). However, while uncertainty quantification is considered better
practice than extrapolation to unseen conditions, it is still unknown how well
models are able to predict the hydraulic effects of changes in river systems.
In this paper, we study an unprecedented hydraulic and geographical data
set of twenty years of human intervention in the River Waal (figure 6.1). These
interventions were designed to reduce flood levels, following the near-flood of
1995. In this paper we analyse long-term trends in water levels using observations and hydraulic modelling. Our objective is to find out to what extent the
predicted reduction of flood levels by hydraulic models can be verified using
the observational record. First we describe the simulated changes to flood water
levels over time, including parameter uncertainty. Next we construct Bayesian
rating curve models from available observations to provide an independent analysis of water level trends over time. Finally the simulated and observed trends
are compared.

6.2 Data
In this section we describe the available geographical and hydraulic data. For
both datasets, meta-information is obtained from documentation and from a
semi-structured interview with experts from Rijkswaterstaat (Directorate-General
for Public Works and Water Management, part of the Dutch Ministry of Infrastructure and Water Management).
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6.2.1

6

Geographical database

A database containing detailed geographical information of the Dutch Rhine
branches was made available by Rijkswaterstaat. This GIS database is part of
the ‘Baseline’ information system, which is both a protocol for encoding GIS information and software for visualisation, manipulation and building hydraulic
models (Becker et al., 2014). Baseline has been built for the bookkeeping of
changes to the river system following the Room for the River programme, and
use of Baseline is mandatory for new intervention designs (Kroekenstoel, 2009).
The database consists of a description of the 1995 river system, including a digital elevation model, land-use map and information on structural elements such
as dikes, embankments, measurement stations and groynes. Furthermore, the
database includes a list of 289 identified changes to the Dutch Rhine system between 1995 and 2016, of which 104 attributed to the River Waal. Individual
changes are either autonomous (e.g. aggredation of the flood plains following
a flood event) or anthropogenic (e.g. the construction of a new side channel).
Although the list of changes is comprehensive, experts stressed that the list is
not exhaustive. The list is limited to known changes and may lag behind reality.
For example, the measure of the dike relocation and side channel construction
at Nijmegen was executed between 2012 and 2015, but is only included in the
Baseline database after its finished date in 2015. Therefore, any effect on the
river flow occuring during the construction phase, will not be visible in simulations, but may have affected flood levels in reality.
Other, mainly autonomous changes that happen in the river system are updated periodically, with an interval of one or more years, even though the actual
changes happen gradually. Between 1995 and 2009, bed level changes were not
updated. Bed levels before 2009 are based on a single-beam dataset. From 2009
onwards, bed levels were annually updated based on multibeam measurements.
Vegetation maps were updated periodically, in 2005, 2008 and 2012. Due to
the rate of update, some changes that are either seasonal or dependent on timing
of maintenance in reality, are represented as a sudden change in vegetation. For
example, during the growth season meadow (low grass) may develop to herbaceous vegetation, which offers significantly more resistance to flow, in a time
span of weeks. This is expected to lead to a discrepancy between the observations
and the model simulations.
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Hydraulic data

At six points along the River Waal, water levels relative to the Amsterdam Ordnance Datum (NAP) are continuously measured on a daily basis since 1901.
Measurements are currently taken using automatic float-driven shaft encoders
(Buschman et al., 2017). The measurement stations are located near the cities of
Vuren, Zaltbommel, Tiel, Dodewaard and Nijmegen with an additional one at
the Pannerden bifurcation (see figure 6.1).
Discharges are infrequently derived from measured flow velocities, first using mechanical hydrometric current meters1 and later (starting from 2002) hydroacoustically (ADCP). These observations were made available by Rijkswaterstaat, covering a period from 1988 to 2018. The dataset includes 1257 observations, with an average of 42 observations per year. The maximum number of
observations was recorded in 2008 (87 observations), while some years have less
than 10 observations (1992 [8], 1994 [9], 1997 [5]). Over the entire dataset, most
observations (51%) were carried out in the first four months (January through
April). An overview of the available measurements is given in Table 8.2.

6.3 Methods
6.3.1

General outline

The general outline of this paper is shown in figure 6.2. The effect of flood mitigation measures carried out in the Waal were tested using hydraulic simulations
forced by design conditions. These design conditions were defined as the design
discharge with a return period of approximately 1250 years, which for the Waal
is 10,165 m3 s−1 (Warmink et al., 2013b). Here, we adopt this approach to calculate the trend in design flood water levels over 20 years, taking into account
model parameter uncertainty.
We compare this simulated trend with observations. To determine the observed trend in water levels at a given upstream discharge, we compute the rating
curve (discharge-water level relationship) for each year.
The hydraulic model parameters are not calibrated in any way to maintain
independence between observations and model simulations.

1 Specifically,

a helical Ott device (’mill’)
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6.3.2

6

Hydraulic modelling

The River Waal is modelled using the Delft3D Flexible Mesh (D-FM) modelling software (Kernkamp et al., 2011). The numerical grid is curvilinear, with
a grid size of approximately 20m by 40m in the main channel and 40m by 50m
in the floodplains. The upstream boundary condition lies at the Pannerden bifurcation, and the downstream boundary lies at the Merwede bifurcation (see
figure 6.1).
Geographical model input (bed levels, sub-grid elements and roughness classification) are derived from the Baseline database. First, the geographical Baseline database was updated to the most recent (v. 6.1) protocol, which includes
support for the D-FM modelling software. We then created a database for each
year from 1995 up to and including 2015, with exception of years in which no
changes are recorded (1996, 2004 and 2006). For each of those years, geographical input data for the hydraulic model is generated. All operations were done
with the Baseline software, and a total of 18 hydraulic models were created.
Each of these hydraulic model represents a snapshot of the state of the river for
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a given year.
All models are forced by a constant discharge of 10,165 m3 s−1 and a downstream water level computed from stationary stage-discharge relationship at the
Hardinxveld downstream boundary condition (Figure 6.1). Uncertainty in hydraulic roughness is accounted for by varying vegetation parameters and the
roughness of the main channel river bed, using the distributions by Berends
et al. (2019) (see table 8.1). The water level for the reference situation (1995)
was quantified using a quasi-random Monte Carlo simulation with 500 samples. Uncertainty of output water levels for all years except 1995 are quantified
using CORAL (Berends et al., 2018, 2019) with a linear correlation model and
20 samples for each year.

6.3.3

Rating curve construction

In the River Waal, like most rivers, water levels are continuously measured, but
discharges are not. To extend the observational record, hydrologists use rating
curves2 to estimate discharge from water level measurements. Rating curves are
empirical models that express the water level in terms of discharge, usually based
on the basic equation for steady, uniform flow in a wide rectangular channel
using the Manning-Strickler formulation:
1/2

Q = An−1 Sb (z − zb )5/3

(6.1)

with water level z [m+NAP3 ], bed level zb [m+NAP], discharge Q [m3 s−1 ],
cross-sectional area A [m2 ], roughness coefficient n [sm−1/3 ] and bed slope Sb
[m/m]. In practice, equation (6.1) is simplified as:
Q = a(z − b)p

(6.2)

where parameters (a, b, p) are determined on available data. However, this
model is based on a rectangular geometry. Actual rivers have more complex
geometry, featuring pool-riffle sequences, groyne fields and floodplains. This
can be accounted for by extending the simple model using a divided-channel
approach. Here, the discharge is computed from a summation following the
division of the channel cross-section in subsections. Each subsection represents
a certain flow regime, e.g. main channel flow and floodplain flow. The general
form is given as:
N
X
a i (h − bi )+pi
Q=
(6.3)
i=1
2 Alternatively
3 Normaal

termed ’stage-discharge’ or ’Q-H’ relationships
Amsterdams Peil, the Amsterdam Ordnance Datum, or mean sea level

6

136 HUMAN INTERVENTION IN RIVERS

where N is the number of divisions and the positive part operator + . For the
River Waal we use three divisions, roughly corresponding to the main channel,
groyne fields and floodplains.
Mansanarez et al. (2019) showed that changes in the rating curve due to system changes can be modelled trough changes in the model parameters a i , bi , pi .
Following other authors (Reitan and Petersen-Øverleir, 2011; Coz et al., 2014;
Mansanarez et al., 2019), we estimate model parameters using Bayesian inference. We assume a Gaussian error model that is proportional to the discharge:
Q(z|θ) ∼ N (f(z|θ), ςf(z|θ))

(6.4)

The unknowns are the vector of model parameters θ = [a 0 . . . a n , b0 . . . bn ,
p0 . . . pn ] and the variance factor ς. Here, f(z|θ) is the deterministic rating curve
model (6.3), which returns the discharge for water level z given the vector of
parameters θ. This means, that for a total of three stages, we have ten parameters.
Within the Bayesian framework, all parameters (θ, ς) are stochastic variables. This means that they are described by probability distributions, instead of
scalar values. Prior to inference, the intial distributions should be chosen such
that they cover the region where we expect the model to be accurate. After
looking at the data we have a better idea of what parameter value results in an
accurate model. This is formalised in Bayes’ theorem:
p(θ|O) = p(O|θ)p(θ)C−1

6

(6.5)

where the posterior distribution p(θ|O) of the parameters θ given observations
O is computed as the product of the prior distribution p(θ), the likelihood
of the observations given the parameters p(O|θ) and a scaling term C to ensure unity. The likelihood term is determined by the adopted Gaussian error
model. For most situations, solving for the posterior is non-trivial and is accomplished using numerical methods. Here, we use a Markov Chain Monte
Carlo (MCMC) algorithm to sample from the posterior, using the hamiltonian
No-U-Turn sampler (NUTS) (Hoffman and Gelman, 2014). For the prior distributions we choose the following (see table 6.1 for an overview):
• for a, a moderately informative prior with a Normal distribution centred the
values obtained from deterministic optimisation.
• for b, a Uniform distribution, chosen such that the values of b cannot overlap.
This is necessary, as the terms of (6.3) otherwise become interchangeable and
therefore not identifyable by the algorithm.
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Table 6.1
[

2em]Prior distributions. The notation N (μ, σ) stands for the normal distribution with mean μ and standard deviation σ. U(x l , x u ) stands for the
uniform distribution with lower bound x l and upper bound x u and the
HalfCauchy(γ) is the truncated Cauchy distribution with scale parameter γ.
Parameter Prior
Parameter Prior
Parameter Prior
a0
N (100, 20) b0
U(2, 6)
pi
N (1.6, 0.25)
a1
N (150, 20) b1
U(6, 12)
ς
HalfCauchy(2)
a2
N (200, 20) b2
U(12, 14)
• for p, an informative prior centered on 1.7, following from rounding up from
the expected value for p based on the Manning equation (1.666 . . . ).
• for ς, a non-informative Half-Cauchy following (Gelman, 2006).
We infer the unknown parameters for every year (1988 to 2018) using the
same set of parameters. In this way, no information from earlier years is used
to determine the rating curve of a new year. The advantage of this approach is
that (sudden) changes in the rating curve are easier to identify. However, the
disadvantage is that years with little observations, or with observations within a
limited discharge range, cannot benefit from previous measurement campaigns,
and will result in higher model uncertainty.

6.4 Results
6.4.1

Simulated trend

Figure 6.3 shows the median values of the simulated water levels for each location and year along the River Waal. The uncertainty of water levels is not
shown in these figures, but are discussed later. Both figures show the same data,
but are annotated differently. In figure 6.3(a) we highlight how a single intervention affects water levels upstream from the intervention through backwater
and into the future. In the figure we observe that the median water level both
increases and decreases over time. These changes are attributed to changes in the
geographical database, because the upstream discharge and downstream water
level are constant and equal in all years.
The simulated changes in water levels are thus interpreted as the result of
of geographical changes. In figure 6.3(b) we annoted what measures may explain the major changes visible in the simulated water level differences. Notable

6
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(a)

(b)
6

Figure 6.3

Simulated changes in water level at a constant 10,165 m3 s−1 since 1995. (a) Annotation how an
intervention affects water levels in time and space (b) Annotation of major changes to the river
system
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Pannerdensche Kop

Figure 6.4
Simulated change in flood water level in 2015, compared to 1995. The location of water level
measurement stations are annoted (•)

changes include the update of the vegetation map in 2005 that coincides with a
general increase in the median water level compared to 1995. This overal water level increase can only be attributed to the vegetation map update, as the
only two other small scale interventions that year were only local and expected
to decrease water levels. Major interventions which decreased water levels are
mainly implemented in the simulation model of 2015.
Clearly visible interventions include the large scale dike relocation and construction of an island and side-channel at Nijmegen, which was completed in
late 2015, but was under construction for several years prior. The floodplain
excavation at Munnikenland was officially opened in June 2016, but since most
had been completed in 2015 we added the intervention to the 2015 changes. Another large scale intervention is an rehabilitation of the Millingerwaard floodplain, near the upstream boundary. We did not incorporate this intervention in
the simulations, because this intervention was only completed in May 2017. The
Millingerwaard floodplain rehabilitation would likely lead to significant water
level decrease starting from km 872 and with a maximum at 868, which is right
at the Pannerden bifurcation.
The water level differences between 1995 and 2015 (Figure 6.4) show that
the simulated flood water levels have overall decreased, with the notable exception between measurement stations Zaltbommel and Tiel Waal (km 914 km 934). The increase in flood level is attributed to updated vegetation maps
(Figure 6.3). This area of the River Waal contains the St. Andries river bend, at
which point the dikes constrain the river creating a bottleneck (Berends et al.,
2019). Figure 6.4 also shows that major changes in simulated water levels are
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Figure 6.5
Confidence intervals of the simulated change in flood levels since 1995 (projected on the primary,
left axis) and the size of the 90% interval, projected onto the secondary (right) axis

6

not reflected at the location of the measurement stations. The stations where
changes in flood level are most likely to be observed are ‘Nijmegen haven’ and
‘Pannerdensche Kop’.
The changes in simulated water levels through time are shown in figure 6.5
for the two measurement stations where we expect the largest change, as well
as the more downstream Tiel Waal station. The bandwidth in figures 6.4 and
6.5 shows relatively small uncertainty in the simulated change in water levels.
For these three stations, the update of the vegetation map in 2005 did not only
increase the median water level, but the size of the confidence intervals as well.
Generally speaking, an increase in model uncertainty in effect studies is caused
by increasing deviance in the model response compared to the reference model
(Berends et al., 2018). Therefore, the uncertainty is small for 2003, because
model changes were small, while the increase in 2005 shows a more significant
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Rating curve at Pannerdensche Kop observation station
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Figure 6.6
The rating curves constrained on available data for 1988 and 2018, showing overall lower water
levels in 2018 for the same discharge.

system change. Subsequent updates of the vegetation maps in 2008 and 2012
did not result in further increases in water level, but did increase the size of the
confidence intervals. This can be regarded as an artefact of the underlying data
having infrequently updated vegetation maps, rather than an accurate prediction of reality. The size of the confidence intervals increases over time following
increasing changes to the system, but the jumps following changes of the vegetation maps in 2005, 2008 and to lesser extent 2012 indicate that the increase in
model uncertainty is to a large extent caused by the vegetation maps.
6

6.4.2

Rating curves

For each year, from the start of the dataset in 1988 until the the last observations
in 2018, a probabilistic rating curve was obtained through Bayesian inference.
The resulting rating curves are depicted in figure 6.6 for the first and final year
in the dataset. Both years have observations spanning a large range of discharges,
including measurements from the range of the three flow regimes (main channel
flow, submerged groynes and floodplain flow). Two 95% confidence intervals:
of model uncertainty and total uncertainty, are shown for each year. The model
uncertainty interval envelops 95% of the rating curves derived from the rating
curve model (6.3), given the posterior distribution of θ. Model uncertainty arises
from fitting the rating curve model through a limited number of measurements.
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Therefore, the interval is smallest if measurements are dense, but gradually increases for sparse or unobserved ranges.
The total uncertainty interval includes both the model uncertainty and the
Gaussian error term in (6.5). The difference between the model uncertainty
and total uncertainty can be interpreted as the predictive uncertainty, which
represents the variance in the observations that cannot be explained by the rating
curve model. A non-exhaustive list of causes for this variance include seasonal
changes, hysteresis effects, or measurement error. In well-measured ranges (e.g.,
from 1000 m3 s−1 to 2000 m3 s−1 ), the model uncertainty is small relative to the
total uncertainty. However, for extreme discharges (> 8000 m3 s−1 ), the model
uncertainty dominates the total uncertainty.
It is clear that the water levels for lower discharges in 2018 have decreased
since 1988, because the water levels in 2018 fall well below those for 1988 in figure 6.6 for discharges up to 4000 m3 s−1 . For higher discharges, this trend seems
less well pronounced, although overall the 2018 rating curve is still projected to
be below the 1988 rating curve. For extreme discharges (> 8000 m3 s−1 ), figure
6.6 does not show a discernable decrease in water levels, which expresses that
the model uncertainty related to extrapolation is too large.
It should be noted that both 1988 and 2018 are both years with a high number of measurements (50 and 44 respectively), and large range of measured discharges (1988: 914 m3 s−1 to 6296 m3 s−1 , 2018: 584 m3 s−1 to 4814 m3 s−1 ).
However, such extensive measurements are not available for every year. In figure 6.7 we show the results for 1997, which had only 5 measurements over a limited range (860 m3 s−1 to 1460 m3 s−1 ). Here, we see that while the model uncertainty is small in the limited measured discharge range, the uncertainty bands
rapidly grow beyond those ranges. Compared to the relatively well-constrained
intervals in figure 6.6, here we see much larger intervals at higher discharges.

6.4.3

Long term trends

Rating curves such as shown in figures 6.6 and 6.7 were generated for all 30
years. We used these models to project the water levels at various discharges at
the Pannerdensche Kop measurement station for each year, as shown in figure
6.8. Four discharges were selected to monitor trends. At the lowest selected
discharge of 1000 m3 s−1 , the observed water levels are well below the start of
the second regime (submerged groyne fields, around 10.5 m + NAP), indicating
main channel flow without strong influence of the groynes. A strong downward
linear trend is observed with a rate of 2 cm per year lowering of the water levels.
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Figure 6.7
Years with fewer measurements have comparatively large uncertainty intervals, especially in extrapolation. Shown here is the rating curve for 1997 (5 measurements)

This rate is consistent with ongoing bed level degradation in many parts of the
River Rhine since 1934 (Ten Brinke and Gölz, 2001). At 2000 m3 s−1 , water
levels are between 10 m+NAP and 11 m+NAP. At these discharges, the flow is
still constrained to the main channel but is now influenced by the groynes, which
represent the second flow regime. A linear downward trend is still observed,
albeit at a slightly smaller rate of 1.7 cm/year.
The third discharge is 5000 m3 s−1 , with average water levels between 13.5
m+NAP and 15 m+NAP. At these levels, river flow is high enough to extend to
the floodplains, yet low enough for there to be recent observations. Nonetheless, at various years (especially 1989, 1992, 1996, 1997, 2006 and 2017), the
uncertainty intervals are higher due to extrapolation, a small number of measurements, or a combination of both. Results show a decreasing trend of about
1.4 cm/year. Although river works carried out in the Room for the River programme are expected to affect water levels in this regime, figure 6.8 does not
clearly show deviations from the linear trend. An apparent outlier is 2017, which
does not markedly deviate from the linear trend at lower discharges but does
seem to indicate decreased water levels at 5000 m3 s−1 . However, the maximum measured discharge in 2017 was 2249 m3 s−1 , and the projection extrapolates from there. Given the large uncertainty intervals for 2017, and the return
to the linear trend in 2018, no deviation from the linear trend can be concluded
based on our results.
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Figure 6.8

Water levels trends for main channel flow (1000 m3 s−1 ), bankful flow (2000 m3 s−1 ), floodplain
flow (5000 m3 s−1 ) and extreme (10,165 m3 s−1 ) discharge at Pannerdensche Kop.
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At the extreme discharge of 10165 m3 s−1 no measurements are available.
Therefore, all projections with the rating curve model are based on extrapolation. The 95% confidence intervals are quite large (around 3 m), with the
notable exception of 1995 (about 0.7 m), and 2001 (about 1.2 m). Both these
years featured high discharges ( 1995: 7844 m3 s−1 , 2001: 6186 m3 s−1 ). A linear trend can still be observed, although the rate (1 cm/year) is likely subject to
significant uncertainty, given the high variance of the means.
Direct comparison of the trends from the rating curve model and hydraulic
model for 10165 m3 s−1 does not yield clear evidence of changes to the rating
curves that deviate from the linear trend, as would be expected for the Room for
the River interventions. This is especially so for the Nijmegen Lent dike relocation in 2015, which seems to have had no discernable effect on measured water
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levels at 5000 m3 s−1 . Figure 6.8 serves to stress the importance of the 2018 measurements to support these findings. The years during construction and completion of the Nijmegen Lent dike relocation project have seen relatively low
measured discharges (see table 8.2), resulting in uncertainty if extrapolating to
the floodplain flow regime. The 2018 dataset, including the highest recorded
discharge since 2011 (2011: 5451 m3 s−1 , 2018: 4818 m3 s−1 ), is the first measurement after completion of Room for the River in 2015 with discharges higher
than 4000 m3 s−1 . The results show water levels consistent with the linear trend.

6.5 Discussion
6.5.1

Explanations for the discrepancy between simulated and observed
trends

The results of the hydraulic model simulations, accounting for uncertainty in
roughness parameters, clearly show a significant effect of the Room for the River
interventions. The Nijmegen Lent dike relocation and side channel is projected
to locally reduce the water level with more than 0.5 m and with almost 0.4 m at
the Pannerdensche Kop at extreme discharge (figure 6.5). However, from the
analysis of measurements we found no clear evidence of a reduction in water
levels that can be attributed to Room for the River. Here we reflect on possible
explanations for this discrepancy.
First, we consider measurement errors. Discharge measurements are generally not precise, and observational errors are likely to increase for high discharge
events (Baldassarre and Montanari, 2009; Domeneghetti et al., 2011; Coz et al.,
2014). In order for measurement uncertainty to change our findings qualitatively - i.e. other than increasing the uncertainty intervals - the error model for
the measurement error has to be non-stationary. More precisely, the discharge
measurement error has to be biased because of the system change. Given the estimated rating curves, this measurement bias has to be in the order of 500 m3 s−1 ,
or about 10%, to account for 0.4 m at the peak of the 2018 discharge wave. We
consider such a bias an implausible single explanation for the apparent discrepancy between measurement and model.
A second explanation is that the effects of Room for the River only become significant at discharges higher than currently observed. Although our
model simulations were performed at extreme discharge, the side channel is already active at much lower discharges. In January 2018, discharges in the River
Waal reached almost 5000 m3 s−1 and caused flooding the newly constructed
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side channel (This event was reported by news outlets, e.g. NOS, 2018). Therefore, some effect is expected, although perhaps less pronounced compared to
extreme discharges, but this is not shown in figure 6.8.
A final explanation is that an effect is not observed, because trends to do not
compare commensurable events. An important advantage of computer simulations is that interventions can be studied under controlled circumstances, such
that the effect of a change to the system can be isolated and quantified. Isolating
the effect from observations is not easily possible, which means that two events
may show different water levels at the same discharge for reasons other than
system change. Therefore, the effect may not be observed due to uncertainty
in the rating curves. To further explore this, we made a number of exploratory
hydraulic model simulations with the 1995 and 2015 models, forced with lower
discharges, using the mean values for all stochastic variables, and plotted the results over the rating curves for 1995 and 2018 (figure 6.9). We note that the distribution of the main channel roughness parameter was determined for extreme
discharges, and is therefore expected to overestimate the roughness at lower discharges. The simulation results, though uncalibrated, generally fall within the
uncertainty intervals of the rating curves. However, for 1995 the simulations
skirt the upper interval boundary, while they skirt the lower interval boundary for 2018, showing that the true effect may be hidden in the rating curve
uncertainty.

6.5.2

6

Reducing uncertainty of the rating curve model

In this study we used a relatively simple, yet widely used rating curve model,
which is conceptually based on steady, uniform flow and a three-stage channel.
Despite its simplicity, the model does a good job explaining the observations.
Improvements to the model, e.g. the Jones’ correction for hysteresis (PetersenØverleir, 2006), would be aimed at reducing the part of the total uncertainty
not covered by model uncertainty. However, the results show that a significant part of the total uncertainty – especially for the floodplain flow regime –
is dominated by model uncertainty. Model uncertainty can be reduced by more
observations or by reducing the number of parameters to be estimated. Introducing more complex models, is therefore more likely to increase uncertainty,
than to decrease it.
Another way to decrease model uncertainty is to pool observations from
multiple years. In this study we assumed independence between the years, estimating a rating curve for each year without taking into account observations
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Figure 6.9
Comparing hydraulic model simulations with the rating curves for 1995 and 2018 show that model
results fall within the uncertainty intervals of the rating curves. The decrease in water level due to
human intervention may not be visible in the rating curves due to uncertainty in extrapolation.

from previous years. The disadvantage of this approach is that well-gauged
years, but with a limited range of measured discharges, will have high model
uncertainty intervals for unseen high-discharge ranges. Model uncertainty can
likely be reduced if measurements of previous years are taken into account. This
would require to adopt a model for the time-dependence of the parameters.
Here we briefly discuss two possible approaches: (i) stability periods and (ii)
hierarchical sub-models.
The key idea of stability periods is that rating curves can be considered stable for a certain period, after which a sudden change to the system forces a new
rating curve. Within stable periods, all data can be pooled to estimate the parameters of the rating curve, thereby increasing the number of observations for
parameter estimation. This approach has mainly been applied to rivers that undergo sudden (morphological) change following floods (McMillan et al., 2010;
Mansanarez et al., 2019), however an analogue could be found in the relatively
sudden nature of human intervention.
A second approach is to adopt sub-models for some or all parameters in θ,
effectively creating a hierachical probabilistic model. For example, the gradual
change attributed to bed degradation observed in figure 6.8 could be modelled
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by assuming that the offset parameter of the lowest flow regime (b0 ) is linearly dependent on time. However, introducing such parametric constraints
to the model should be done with care, as unexpected changes may not be
detected. A non-parametric approach was proposed by Reitan and PetersenØverleir (2011), who used the Ornstein-Uhlenbeck stochastic process as a submodel for the rating curve parameters. For the long-term, yearly changes of our
case study, the AR(1) stochastic process (Romanowicz et al., 1996) is a suitable
candidate for future study.

6.5.3

6

Reducing the uncertainty of the hydraulic model

The input and parameters of the hydraulic models were derived from measured
quantities such as geometry, vegetation density distributions and river dune dimensions. No parameters were calibrated on water levels or discharges. Therefore, the model simulations provide an independent estimation of the rating
curve. Agreement between measurements and the uncalibrated model results
is strong evidence that model simulations provide a credible projection of the
effect of interventions.
In practice, calibration is often seen as a way to reduce model uncertainty,
by constraining model parameters to observed discharges (Pappenberger and
Beven, 2006). In this paper, we have shown that a relatively simple rating
curve model with ten parameters, exhibits significant model uncertainty. The
hydraulic model has more parameters, and previous studies have shown that
the majority of those are not likely identifiable through probabilistic methods
(Werner et al., 2005b). Therefore, parameter estimation may increase uncertainty, instead of decreasing it. Nonetheless, hydraulic models should outperform statistical models in extrapolation to unseen and future conditions, because
they are constrained by the physical processes that underlie the mathematical
model. Extrapolation to unseen conditions is generally tested through a differential split-sample test (Klemes, 1986). However, the ability of environmental
models to extrapolate to changing conditions is considered an open question in
hydrology (Thirel et al., 2015a,b; Blöschl et al., 2019). The data set presented
in this paper provides an interesting case-study to test hydraulic river models
under changing conditions.

6.6 Conclusions
The objective of this chapter was to study to what extent the predicted reduction of flood levels by hydraulic models can be verified using the observational
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record.
Simulations of water levels show a general decrease of water levels since
1995 following the Room for the River program. Changes in water levels could
be attributed to large-scale interventions (decrease) and periodical updates in
vegetation maps (increase). Results also show that the largest change in water
levels occur in between measurement stations, which complicates verification of
model projections. Water level observations generally showed a linear decrease
in water levels of about 1-2 cm per year, which is attributed to bed degradation.
Clear deviations from the linear trend, which would indicate effects of human
intervention, were not found. We argued that the effect of the intervention
may be hidden in the rating curve uncertainty, and that therefore more measurements at high discharges may yet reveal a deviation from the autonomous
linear trend. However, with the presently available observations we did not
find independent verification of the effect of human intervention, as predicted
by hydraulic simulations.
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7.1 Uncertainty quantification with CORAL
7.1.1

Application to intervention effect studies

In this thesis we developed a more general application of the multifidelity framework by Koutsourelakis (2009), which we termed Correlated Output Regression AnaLasis (CORAL). The key idea of CORAL is that given two models with
correlated output, the researcher only has to perform full Monte Carlo on one of
the models (the predictor), while a limited number of runs with the other model
(the regressor) suffices (chapter 2). If the predictor is a lower cost model than
the regressor, higher computational cost reduction can be achieved (in chapter
4, 85% lower compared to quasi-random Monte Carlo). CORAL is particularly
efficient when applied to hydraulic effect studies, because one predictor model
(the reference case) can serve many regressor models (the intervention cases).
For example, in chapter 3, one reference model was used as predictor for twelve
regressors, each one modelling a different intervention design. In chapter 6, the
model of the 1995 River Waal system served as predictor for seventeen models of subsequent years. Using the efficiency metric E introduced in chapter 2,
section 2.4, the computational costs were 90% lower in chapter 3 and 93% in
chapter 6, both compared to quasi-random Monte Carlo.

7.1.2

7

Comparison with other methods

Most uncertainty quantification methods that aim to quantify the full probability distribution of model output can be used complementary to CORAL. This
includes methods that increase sampling efficiency such as the low-discrepancy
Sobol’ sequence (Sobol’, 1967) used in this thesis, LHS (Kucherenko et al.) and
numerical quadratures (Chernov and Reinarz, 2013; Oubennaceur et al., 2019).
CORAL could be classified as a hybrid surrogate model approach, in which
the predictor model takes the role of physics-based surrogate (Razavi et al., 2012;
Asher et al., 2015). The surrogate models themselves are physics-based, which
we preferred over data-based surrogates such as neural networks (Aguilar-López
et al., 2016; Pezij et al., 2019), because data-based surrogates are not expected to
perform well given the large number of stochasts involved in detailed hydraulic
modelling (39, in chapter 3). In chapter 4, the predictor model is a low-fidelity
(coarse-grid) version of the regressor (fine-grid) model. In chapters 2, 3, and
6, the predictor model is not a surrogate in the traditional sense of the word,
although it performs the same role. CORAL could be called ‘hybrid’, because
the transfer function that relates the predictor and regressor is a probabilistic
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data-based model. In this thesis we used a linear regression model (chapter 2)
and a Gaussian Processes model (chapter 4) as transfer functions.
A limitation of CORAL is that it is used for forward uncertainty analysis
only, although parameter distributions obtained through inverse modelling (e.g.
as in chapter 5), could in practice be used in forward analysis for predictive purposes. The necessary assumptions for this approach are discussed in section 7.3.
An interesting and as of yet unexplored question is whether lower dimensional models could serve as a surrogate (predictor) for a higher dimensional
model. For example, one-dimensional river models could potentially serve as
surrogates for two-dimensional models (see Wolfs et al., 2015; Awakimjan, 2017,
for possible ways to construct such a surrogate).

7.1.3

Accuracy of uncertainty approximation

CORAL approximates the output uncertainty of the desired (regressor) model.

An important advantage of CORAL is that the uncertainty of the approximation
is explicitly computed. In this thesis we referred to this approximation uncertainty as the estimation confidence interval (ECI, see chapter 2). This is not
to be confused with the confidence interval of the model uncertainty (MCI),
which is what is being approximated. ECI can therefore be thought of as the
‘uncertainty of the uncertainty’. We have shown that the true model output
probability functions lie within the ECI for the linear model (chapter 2) and
from literature, we now that the same is expected for nonlinear relationships
(Koutsourelakis, 2009; Biehler et al., 2015). For intervention design, we have
demonstrated that the ECI is comparatively small compared to the MCI. In
practice, the ECI provides an explicit way to compromise between approximation accuracy and computational costs.

7.2 Reflection on the choice of uncertainty sources
The outcome of any uncertainty analysis is constrained by what is considered to
be uncertain. In chapters 3 and 6, we limited the uncertainty sources to roughness coefficient of the bed and of floodplain vegetation. With this assumption
we followed literature which concluded that these sources are most sensitive to
water levels (Warmink, 2014).
The results in chapter 3 show how roughness uncertainty propagates to the
uncertainty of predicted effect. We saw that this uncertainty does not change
the fundamental outcome of flood mitigation measures: even for extreme cases
(such as floodplain smoothing) there is an unambiguous decrease in water level.
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7

This uncertainty may be regarded as the probability of the effect, taking into
account uncertainty in roughness parameters. This conclusion is valid, but must
be considered within the limited scope of the analysis: the isolated effect of a
human intervention on design water levels at a given discharge. In chapter 6 we
have seen that predictions made within this narrow framing could not be verified
with available observations. In this section we briefly consider a non-exhaustive
list additional sources of uncertainty.
Within the same scope, other sources of energy loss which were considered
deterministic in chapters 3 and 6, but which are expected to be uncertain could
be included. Perhaps the most important among them is the contribution of
groynes, which are expected to overestimate the energy loss (Mosselman, 2018).
A different source of uncertainty is what may be referred to as implementation
uncertainty. In chapter 3 we referred to the possibility that the interventionas-designed is different from the intervention-as-constructed. In large building
projects, such discrepancies often arise because of miscommunication between
contractors and consultants (Arain et al., 2004). There is no known literature
to provide a quantitative base to model such discrepancies for river engineering.
Sensitivity analysis can offer insight in the relative importance of implementation uncertainty, while expert elicitation (e.g. Warmink et al., 2011) can be used
to gain a first approximation of the unknown variances.
The scope of the analysis could be widened to predict the probability that
effects will be detectable in reality. In this framing, relevant additional sources
of uncertainty would include autonomous development such as (seasonal) vegetation succession, morphological development, and unsteady boundary conditions. Recent insights from literature, e.g. on the morphological evolution of
side-channels (Van Denderen et al., 2019) and vegetation growth and succession
(Van Oorschot et al., 2015), could be used to predict autonomous change in the
system. It is expected that including such a temporal component to the uncertainty quantification would lead to increasing prediction bands over time, and a
predictive horizon beyond which computer model predictions are too uncertain
to reliably provide sufficiently precise estimations.

7.3 Using observations to improve model accuracy
In literature, model input1 is often constrained (i.e. calibrated, estimated) by
observations of the quantity of interest (QoI, e.g. water levels) through inverse
1 Here, as in chapter 1 we use ‘model input’ in a broad sense to encompass all model assumptions,
including parameters, boundary conditions and other settings.
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Extension to figure 1.3, illustrating the major assumptions and tests to support the use of historical
evidence to improve model predictions.

modelling. The values obtained in this way are sometimes interpreted as indirect
measurements of unmeasurable quantities, and sometimes as ‘dustbin’ parameters that correct various model errors2 (Cunge, 2003; Morvan et al., 2008). Here,
we reflect on constraining parameter distributions through probabilistic inverse
modelling using the conceptual framework introduced in chapter 1 (figure 1.3).
Inverse modelling can only be applied in the alpha (Α) quadrant, i.e. for a
past system state forced using observed conditions. Results from this thesis show
how inverse modelling was used to determine value distributions of roughness
coefficients (chapter 5) and regression parameters (chapter 6). The model input
distributions obtained through inverse modelling can be used as input in forward analysis in the other quadrants, as is often done (e.g. Fonseca et al., 2014;
Mayotte et al., 2017; Inam et al., 2017). However, this requires some additional
assumptions regarding extrapolation and stationarity (figure 7.1).
The most straightforward scenarios are found in the gamma (Γ) quadrant,
which are concerned with how the QoI will respond during extrapolation to
unseen conditions, but for which measurements of the system state are available.
The main assumption is that the statistics of model residuals as determined in
the alpha quadrant, remain similar when applied to the gamma quadrant. Some
2 Hydraulic

roughness is an example of both cases
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confidence in the ability of a model to extrapolate can be gained through the
well-known ‘differential split-sample test’ (Klemes, 1986).
Model applications in the beta (Β) quadrant are concerned with predicting how the QoI will respond if past conditions happen again, but for a future
system state. Here the main concern is stationarity: the assumption that the
characteristics of model residuals will not change over time (Beven, 2016). In
hydrology, it is recognized that climatic and system changes may fundamentally
change system response (Jain and Lall, 2001; Thirel et al., 2015b; Osuch et al.,
2016; Blöschl et al., 2017), and it is recognized that new methods are needed
to test models on their ability to extrapolate to new conditions (Gharari et al.,
2013; Thirel et al., 2015a). The database described in chapter 6 may provide a
valuable starting point for such effort in hydraulic modelling.
Model applications in the delta (Δ) quadrant deal with predictions for unseen
conditions and a future state of the system. The assumption required to apply
measured data are both that of extrapolation, as stationarity, and can therefore
be considered the most challenging. A (Δ-quadrant) test for this application is
not known, but could be developed from the tests proposed by Klemes (1986)
and Thirel et al. (2015b).

7.4 Implications of model uncertainty for practice
Despite uncertainty in model predictions, there are many ways in which models can be useful. The measure for model usefulness differs depending on the
purpose for which the model is used. For models that support policy making,
it is important that model output is credible to stakeholders (Van der Sluijs,
2002). While the credibility of model output can be based on other considerations (e.g. by merit of being the official, standardised tool), model output is
ideally compared to observations to objectively judge their accuracy (Oreskes
and Belitz, 2001; Jakeman et al., 2006). If empirical evidence is not available,
uncertainty quantification and scenarios studies are the recommended practice
(Maier et al., 2016). In chapters 5 and 6, we studied how observations can help to
improve models by parameter estimation and independent verification of predictions. Parameter estimation based on detailed flow measurements can help
to identify limitations to existing models, but will not eliminate uncertainty
(chapter 5). On a larger scale, model predictions of hydraulic effects in terms of
flood level lowering could not be verified with available observations (chapter
6). Given the limited value of observations, the recommended approach is quantify, and communicate, the uncertainty surrounding model predictions. Incor-
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porating uncertainty in scientific storytelling (Arevalo et al., 2018) and serious
gaming (Den Haan et al., 2018) may help to increase public appreciation and understanding. The methods developed in this thesis (chapters 2 and 4) could help
with the practical issue of performing uncertainty analysis, while the analyses in
chapter 3 shows how to interpret the outcome of uncertainty analysis.
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8.1 Conclusions to the research questions
Q1 In what way can we reduce the computational cost of uncertainty quantification for
hydraulic effect studies?
We hypothesized that the correlation in model output between two models can be leveraged to reduce the computational burden of uncertainty
analysis. We found that the correlation between the model output of the
reference and intervention models can be described by a linear statistical
model with a Gaussian error term. Using the linear model, we show that
we can accurately approximate both the probabilistic model output after
intervention as well as the effect. The benefit of this approach is that we
significantly reduce the computational cost of uncertainty analysis. The
drawback is that the approximation is uncertain itself. However, this estimation uncertainty is explicitly computed, and can be reduced with additional calculations with the intervention model. We conclude that this
approach can be used to significantly reduce the computational costs of uncertainty quantification for hydraulic effect studies.
Q2 How large is the uncertainty of the predicted flood level decrease of archetypical
flood prevention interventions?
Using the approximation method from Q1, we quantified the uncertainty
of model prediction for the flood reduction effect of six archetypical Room
for the River interventions. The results show that for most intervention
types, the uncertainty of the predicted effect was between 20% to 40% of
the average effect. This relative percentage was not very sensitive to the
spatial extent of the intervention. However, this percentage can increase
to over 80% if the intervention modifies the existing river system to a large
extent, but achieves relatively little effect.

8

Q3 To what extent can multifidelity models be applied to morphological model studies?
We modelled the siltation of an approach channel to an estuary port using a
three-dimensional hydro-morphological model with two different fidelities. We found a non-linear correlation between the model output of the
low fidelity (fast, coarse grid) and high fidelity (slow, fine grid) models. By
estimating this correlation with a Gaussian Process based statistical model,
the high fidelity model output uncertainty was approximated by the low
fidelity model and the correlation transfer function. We showed that the
differences between the high fidelity and low fidelity output distribution
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functions can be attributed to differences in physical processes. We concluded that multifidelity analysis is computationally much less expensive
(up to 85% reduction in computational time in our case), but that a careful
analysis of correlation and convergence is required.
Q4 To what extent can the uncertainty of vegetation parameters be identified and reduced from velocity measurements?
Probabilistic calibration of vegetation elements in the flow can potentially
reduce the uncertainty of model predictions by constraining the range of
parameter values. We studied probabilistic calibration of heterogeneous
vegetation elements from detailed observations of flow velocities in a largescale experimental flume with real vegetation. Results showed constrained
posterior parameter distributions and overall higher parameter values than
would be expected based on prior estimations from empirical formulas.
Furthermore, results showed that the posterior prediction distributions are
highly influenced by the presence of understory growth — secondary vegetation growing underneath the primary vegetation. In our case, the understory growth caused significant blockage of the flow, leading to increased
reconfiguration of vegetation. We concluded that detailed flow measurements can be used to estimate, but not necessarily reduce, uncertainty in
model parameters, and to reveal limitations in existing empirical formulas.
Q5 To what extent can model predictions of flood level reductions be verified using
observations?
Decision making for human interventions in river systems is increasingly
based on computer simulations, which cannot be verified due to lacking
observations for design conditions. We used an unprecedented geographical and hydraulic database of more than twenty years of human intervention in the River Waal to compare observed water levels with model predictions. Results show a consistent downward linear trend of water levels at a given discharge over an extended thirty-year period. This downward trend is attributed to ongoing bed-degradation in the River Rhine
system. Model simulations predict that the large-scale intervention at Nijmegen=Lent will result in a sudden reduction of water levels of about 50
cm. However no break in the linear trend was observed in the available
observational record. We argued that the effect of the intervention may be
hidden in the rating curve uncertainty, and that therefore more measurements at high discharges may yet reveal a deviation from the autonomous
linear trend. However, with the presently available observations we con-
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clude that independent verification of the effect of human intervention, as
predicted by hydraulic simulations, was not successful.

8.2 Conclusion to the research objective

8

Our objective was to quantify the uncertainty of model predictions for hydromorphodynamic effect studies of antropogenic change to the river environment
in a time-efficient way. Following literature review, we initially identified three
knowledge gaps. The first was concerned with the practicality of the analysis.
We operated from the observation that in intervention modelling, there are at
least two models involved, and that the second model is derived from the first
model, either through manipulation of the input (e.g. chapter 3) or through
mathematical derivation (chapter 4). We suspected that this relationship between the models could be leveraged in some way, and found that the multifidelity approach of Koutsourelakis (2009) could be generalised for intervention
design (chapter 2). Our results showed that this approach results in significant
decrease of the computational burden and can be applied to hydraulic (chapter
2) and morphodynamic (chapter 4) effect studies.
The second knowledge gap was to find out to what extent uncertainty in input
affects model predictions. It was already known that the uncertainty in absolute
water levels is significant (Warmink et al., 2013b; Mosselman, 2018), yet this
could not be said about the relative effect of interventions. This relative effect
is important in multi-objective studies to judge the hydraulic effectiveness of
interventions (Straatsma et al., 2019). We found (chapter 3) that the influence
of parameter uncertainty on effect studies cannot be neglected and is sensitive to
the type of intervention, which makes the case for uncertainty quantification in
practice. However, the size of the confidence intervals was much smaller than
the absolute uncertainty in water levels and scales with the average effect, which
means that parameter uncertainty does not change the effect qualitatively (water
levels are still predicted to decrease following flood mitigation interventions),
but only quantitatively.
The third and final knowledge gap was related to the use of observations. In
practice, hydraulic models are calibrated to increase model accuracy. Using calibrated models for intervention design for flood mitigation implicitly assumes
an ability to extrapolate to unseen conditions and future states (see section 7.3,
figure 7.1). We argued that this untested assumption is particularly sensitive in
intervention design, because it relies on correct simulation of local effects, while
model calibration is generally limited to large-scale parameters (Domhof et al.,
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2018). In chapter 5 we showed that parameter estimation of local simulation
of local elements, such as vegetation patches, can be based on cross-sectional
flow measurements. The posterior parameter distributions of parameter values
were not narrower than those based on measured plant traits, but were centered
around higher values. Therefore, while calibration of individual parameter may
not reduce uncertainty, it can correct for model error. Ultimately, the assumption that hydraulic models predict the effect of human interventions correctly
can only be tested against independent measurements. The results from chapter 6 showed that this is not yet possible for the large scale flood mitigation
interventions carried out in the River Waal. Therefore, explicit uncertainty
quantification of model predictions should remain recommended practice.
In conclusion, the methods developed in this thesis (chapters 2 and 4) help
to reduce the computational costs of uncertainty quantification in practice. The
analysis in chapters 3 helps to interpret and use model uncertainty. If detailed
observations are available, probabilistic parameter estimation (chapter 5) can
help to improve parameterisation of empirical formulas. Finally, the analysis in
chapter 6 provides an independent comparison between simulated and observed
trends, which may provide a basis for future tests to improve model predictions
of the future by studying model performance under non-stationary conditions.

8
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8.3 Recommendations
8.3.1

Recommendations for research

Study model performance under non-stationary conditions
In section 7.3, we reflected on the challenges of using past observations to
improve predictions of the future. Predicting the future under changing conditions is considered an open challenge in hydrology (Blöschl et al., 2019). The
geographical and hydraulic databases of the Dutch Rhine system (chapter 6)
provide a valuable dataset to study the differences between model predictions
and observations during changing conditions. Our results suggest that model
simulations and observations may diverge over time due to discrepancies between reality and the database, most notably due to infrequently updated vegetation maps. A study of model performance over time at frequently occurring
discharges may therefore yield important information on the quality of the underlying data, as well as help develop new (Δ-quadrant) tests to constrain model
predictions for extreme events.

Extend to multidisciplinary and multisectoral uncertainty quantification

8

In both this thesis, as well as previous literature, uncertainty quantification
was limited to hydraulic variables. However, human interventions have to be
considered in an integrated, multisectoral context (Den Haan et al., 2019) It is
recommended to incorporate the results of uncertainty quantification in such
multisectoral approaches to aid in decision making under uncertainty.
Intervention modelling may further be extended by including (stochastic)
processes like vegetation growth (Van Oorschot et al., 2015), morphodynamic
development of interventions (De Ruijsscher et al., 2018; Van Denderen et al.,
2019) and maintenance strategies (Den Haan et al., 2018; Bout et al., 2019). It
is unknown whether including such autonomous effects to predict the evolution of interventions, and their effect on multisectoral indicators, will result in
a ‘prediction horizon’ beyond which model predictions are too uncertain to be
useful for decision making.

CONCLUSIONS AND RECOMMENDATIONS

8.3.2

165

Recommendations for practice

Be explicit about model uncertainty
Over-reliance on model predictions can erode credibility if uncertainty is
not explicitly taken into account (Van der Sluijs, 2002). To maintain the credibility of models used in decision support, it is recommended to explicitly quantify and communicate model uncertainty, e.g. through scientific storytelling
(Arevalo et al., 2018) or in serious gaming (Den Haan et al., 2019). The methods
developed in this thesis may help to reduce the computational threshold to apply
uncertainty quantification in practice and to incorporate uncertainty in modelbased decision making. For (calibrated) deterministic model use, we recommend explicit testing of models under changing conditions. We refer to figure
7.1 for an overview of major assumptions and available tests. Finally, long-term
analysis of observed trends and (uncalibrated) predicted trends (chapter 6) are
recommended to monitor divergence of model and reality.
Keep monitoring
Quantitative observations of the effect of human intervention, and testing
the accuracy of predictive models, is only possible with reliable measurements.
While water level measurements are widely available and relatively accurate,
discharge measurements are sparse. Our results (chapter 6) have shown that
coupled, frequent measurements of discharge and water levels are indispensible to constrain parameters under changing conditions. More measurements,
at any discharge level, directly contribute to better separate rating curve model
uncertainty from unexplained variance. Measurements over a wide range of
discharges help to reduce uncertainty due to extrapolation and better monitor
water level trends at multiple discharge levels. This not only applies to hydraulic
measurements but also to other time-dependent variables, such as vegetation
maps. Advances in remote sensing can help to improve the frequency by which
vegetation maps are updated, and to further improve the already detailed data
set of the Dutch Rhine system.
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Parameter distributions for vegetation types
Table 8.1: Parameters of the floodplain roughness class distributions.
Codes marked with an asterisk * are not used in the Waal model
Class Code
612 - 637
n/a
102
104
105
106
111
121
1201
1202
1203
1211*
1212
1213*
1214*
1215*
1221
1222*
1223
1224
1225*
1226
1231
1232
1233
1241*
1242

Name
Empirical distribution
Alluvial bed
Uniform distribution
Classification map
Triangular distributions
Deep bed
Natural side channel
Side channel
Pond / Harbor
Sand bank
Field
Lognormal distributions
Production meadow
Natural grass and hayland
Herbaceous meadow
Thistle herb. Veg.
Dry herbaceous vegetation
Brambles
Hairy willowherb
Reed herb. Veg.
Wet herb. Veg.
Sedge
Reed-grass
Bulrush
Reed-mace
Reed
Softwood shrubs
Willow plantation
Thorny shrubs
Hardwood production forest
Softwood production forest

Parameters

min
mean
0.025
0.03
0.03
0.035
0.025
0.03
0.025
0.03
0.025
0.03
0.02
0.03
μ hv
σ hv
-3.18
0.47
0.53
-0.74
-1.64
0.32
-1.29
0.33
-0.59
0.39
-0.67
0.21
-1.89
0.56
0.60
0.22
-1.08
0.38
-1.32
0.67
-0.92
0.86
-0.81
0.67
0.37
0.23
0.94
0.13
1.81
0.24
1.05
0.43
1.48
0.64
Deterministic Deterministic
Deterministic Deterministic
Continued on next page

max
0.033
0.04
0.033
0.033
0.033
0.04
μ nv
2.40
-2.64
2.59
1.05
-3.06
-0.73
-0.25
-1.83
-1.49
0.04
-2.19
0.04
-1.12
-1.14
-2.20
-3.23
-1.73
-4.68
-4.72

σ nv
0.77
0.93
0.33
0.43
0.65
0.36
0.49
0.27
0.44
0.63
0.16
0.63
0.57
0.42
0.79
0.62
0.41
0.67
0.66
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Table 8.1 – Continued from previous page
Class Code Name
1243*
Pine forest
1244
Hardwood forest
1245
Softwood forest
1246
Orchard low
1247
Orchard high
1250
Pioneer vegetation

Parameters
Deterministic
Deterministic
Deterministic
1.10
1.78
-2.87

Deterministic
Deterministic
Deterministic
0.10
0.21
0.18

Overview of discharge measurements
Table 8.2: Overview of discharge measurements from the hydraulic
database, described in chapter 6

Year
1988
1989
1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008

n
50
53
41
29
8
20
9
26
19
5
24
29
38
71
55
68
30
34
11
47
87

Discharge [m3 s−1 ]
min. max.
914 6296
708 2042
741 4881
628 4258
889 1434
1039 6958
1231 4388
1056 7844
865 1835
860 1461
918 6077
1184 5397
1232 3736
1150 6186
1124 4652
565 5863
891 4623
816 3740
891 1596
873 3690
1042 2812
Continued on next page

-4.18
-3.45
-3.04
-3.72
-4.61
-1.93

0.54
0.77
0.99
0.25
0.12
0.50

APPENDICES

Table 8.2 – Continued from previous page
Year
n
min. max.
2009 62
688 2804
2010 66
1048 3894
2011 73
655 5451
2012 76
904 4440
2013 29
1245 3881
2014 40
932 2092
2015 31
755 3050
2016 38
768 3006
2017 44
735 2249
2018 44
584 4818
Continued on next page
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